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DEFINITIONS 

Accuracy range – an expression of an estimate’s predicted closeness to final actual amounts. Typically 

expressed as high/low percentages by which actual results will be over and under the estimate. 

Analysis – the separation of a whole (project) into parts; examination of a complex entity, its elements, 

and their relationships; a statement of such analysis. 

Area – the first division of the components of a project for which estimates are to be developed. 

Examples of areas in a project are mechanical, civil/structural, electrical. Each area is further divided 

into elements. 

Backward elimination technique (BET) – a variable selection procedure in which all variables are 

entered into the equation and then sequentially removed. The variable with the smallest partial 

correlation with the dependent variable is considered first for removal. If it meets the criterion for 

removal, it is removed. After the first variable is removed, the variable with the smallest partial 

correlation remaining in the equation is considered next. The procedure stops when there are no 

variables in the equation that satisfy the removal criteria. 

Bias – a repeated or systematic distortion of a statistic or value, imbalanced about its mean. For 

example, in ordinary least squares (linear regression), the bias (mean of the residuals) when 

minimizing the sum of squared errors should be zero. A model developed with the transformed data 

would provide that. However, when the model is transformed back, the mean of the residuals (bias) is 

no longer zero introducing a bias in the back transformed model that has to be corrected. 

Bill of quantities (BoQ) − descriptive and quantitative list of materials, supplies, parts, and 

components required to produce a designated complete end item of materials, assembly, or 

subassembly. It typically includes a description of the associated “method of measurement”. Also 

referred to as Bill of Materials (BoM). 

Budget estimate – an estimate generally prepared to form the basis for authorization and/or 

appropriation of funds. 

Case-based reasoning (CBR) – a process of arriving at the solution of a new problem on the basis of 

the solutions of previously-solved similar problems. In comparison to rule-based systems (see expert 

system) which are useful where only one or a few solutions to a problem are possible, case-based 

systems are useful in solving complex problems with many alternative solutions. 

Class 4 Estimate (Cost Estimate Classification System) – also known as conceptual or preliminary 

estimate, Class 4 estimates are generally prepared based on limited information (i.e., typical level of 

project definition required: 1% to 15% of full project definition) and consequently have wide accuracy 

ranges. According to the Association for the Advancement of Cost Engineering International (AACEI) 

they are typically used for project screening, determination of feasibility, concept evaluation, and 

preliminary (but generally not final) budget approval. Class 4 estimates are prepared for a number of 

purposes, such as but not limited to, detailed strategic planning, business development, project 

screening at more developed stages, alternative scheme analysis, confirmation of economic and/or 

technical feasibility, and preliminary budget approval or approval to proceed to next stage. 

CMQ – see construction material quantity. 

CMQ Estimate – for a given structure, the estimated amount of a given material required for its 

construction.  
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CMQ-not-relevant structures – are the structure types (or subtypes) that do not satisfy the desired 

contributions to the CMQs of interest. See CMQ-relevant structures. 

CMQ-relevant parameter – input variables that will have a significant effect on the amount of CMQ 

required for the construction of a given structure. The parameters from the selected estimation models 

derived from the techniques used in the proposed methodology to make CMQ estimates. 

CMQ-relevant structures – are the structure types (or subtypes) that satisfy the desired contributions to 

the CMQs of interest and the structures to focus for model development. The division between CMQ-

relevant and CMQ-not-relevant structures is, therefore, made by defining a threshold for the desired 

percentage of CMQs for which the structure subtypes should account, e.g., if we want to develop 

models for the structure subtypes that account for 80% of the CMQs in a project, the threshold is then 

set to 80% and focus should be placed on the development of CMQ models for the structure subtypes 

that add up to that threshold; the structure subtypes that make up that contribution are defined as 

CMQ-relevant structures. 

Coefficient of determination (R2) – a measure of the strength of the association between the 

independent and dependent variables (x and y). The range of R2 is between zero and one. An R2 of 

zero indicates that there is no relationship between x and y. An R2 of one indicates there is a perfect 

relationship between x and y. 

Conceptual estimate – an estimate generally prepared based on very limited information. Also referred 

to as preliminary estimate. See: Class 4 Estimate. 

Confidence interval (CI) – range of values around a given statistic for a sample (e.g., the mean) that 

are believed to contain, within a certain probability (e.g., confidence level, e.g., 95%) the true value of 

that statistic (e.g., the population value). In practice, confidence intervals are typically stated at the 

95% confidence level. 

Confidence level (CL) – also referred to as level of confidence or degree of confidence. It is the 

complement of the significance level (1- α) and indicates the probability (1- α) that the value of a 

parameter falls within a specified range of values (confidence interval). 

Construction – a combination of engineering, procurement, erection, installation, assembly, 

demolition, or fabrication to create a new facility or to alter, add to, rehabilitate, dismantle or remove 

an existing facility; includes alteration and repair (dredging, excavating, and painting) of buildings, 

structures, or other real property and construction, demolition, and excavation conducted as part of 

environmental restoration or remediation. 

Construction material quantity (CMQ) – the amount of a given material (e.g., concrete, structural 

steel) required for the construction of a given structure based on an agreed upon scope, structure and 

site characteristics. 

Contingency – reserves, including funding, schedule, performance, manpower, and services, allocated 

to and managed by the Program/Project Manager for the resolution of problems normally encountered 

to mitigate risks while ensuring compliance to the specified program/project scope. 

Correlation – (as in Pearson's correlation coefficient) is a standardized measure of the strength of 

relationship between two variables (from -1 to +1). 

Cost estimate – a compilation of all the probable costs of the elements of a project or effort included 

within an agreed upon scope. 
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Cost estimating – the act of approximating the cost of something based on information available at the 

time. Cost and price estimating is the art of predetermining the most realistic cost and price of an item 

or activity, including normal profit. The output of estimating is used primarily as input for budgeting, 

cost or value analysis, decision making in business, asset and project planning, or project cost and 

schedule control. 

Cost estimating relationship (CER) – a mathematical relationship that defines cost as a function of one 

or more parameters such as performance, operating characteristics, physical characteristics, etc. 

Cost factor – a Cost Estimating Relationship (CER) in which cost is directly proportional to a single 

IV such as a percentage of labor or material. 

Cost model – a compilation of cost estimating logic that aggregates cost estimating details into a total 

cost estimate. An ordered arrangement of data, assumptions, and equations that permits translation of 

physical resources or characteristics into costs. Cost models generally consist of a set of equations, 

logic, programs, and input formats. Cost models also allow for the input of program information, 

including both system description data and estimating relationships. Cost models generally produce a 

variety of output formats. 

Cost overruns – the amount by which actual costs exceed the baseline or approved costs. Cost 

overruns can also refer to the amount by which a contractor exceeds or expects to exceed the estimated 

costs, and/or the final limitations (the ceiling) of a contract. 

Criterion for elimination – (using the “Probability of F” method) the stepping method criteria used by 

the SPSS software when using the backward elimination regression technique. A variable is removed 

if the significance level of its t-statistic is greater than the Removal value specified (default SPSS 

value of 0.10). The Removal value can be lowered to remove more variables from the model. Removal 

must be greater than Entry, and both values must be positive. Related to the backward elimination 

technique. 

Criterion for entry – (using the “Probability of F” method) the stepping method criteria used by the 

SPSS software when using the forward selection regression technique. A variable is entered into the 

model if the significance level of its t-statistic is less than the Entry value specified (default SPSS 

value of 0.05). The Entry value can be increased to enter more variables into the model. Entry must be 

less than Removal, and both values must be positive. Related to the forward selection technique. 

Dependent variable (DV) – also referred to as response or output variable. An event or condition 

whose impact or probability of occurrence depends on another variable. 

Deviation – when the current estimate of a performance, technical, scope, schedule, or cost parameter 

is not within the threshold value of the performance baseline for that parameter; handled as a 

deviation, not as part of the normal change control system. 

Direct costs – costs that are obviously and physically related to a project at the time they are incurred 

and are subject to influence of the project manager. Examples of direct costs include contractor-

supplied hardware and project labor, whether provided by civil service or contractor employees. 

Eighty-Twenty rule (80/20; Pareto’s Law) – a statistical principle named after Italian economist 

Vilfredo Pareto, who observed that 80% of the wealth in Italy was controlled by 20% of the 

population. In cost management, it is commonly used to describe the situation where small subsets of 

cost items, activities, and so on, are the source of most of the total cost, duration, etc. 
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Element – the second division of the components of a project for which estimates are to be developed 

and the subdivision of a given area. Each element is further divided into typical structures. Examples 

of elements for the civil/structural area in a given project are temporary facilities, process buildings 

and/or structures, internal infrastructure.  

Estimate – a prediction or forecast of the resources (i.e., time, cost, materials, etc.) required to achieve 

or obtain an agreed upon scope (i.e., for an investment, activity, project, etc.). Generally, it is applied 

to costs and durations with a confidence percentage indication of likelihood of its accuracy. See: 

Forecast. 

Estimating – the work performed to estimate or predict future conditions and events. 

Estimator – or project estimator, is the individual with training and experience in preparing estimates. 

Existing structure – structure with known information (e.g., dimensions, characteristics, design 

parameters, CMQs, etc.) used as basis for the estimate of CMQs for the target (i.e., new) structures. 

Expert-system methods – uses the experience and understanding of human experts to develop the 

project estimates. An advantage of this method is the experience from past projects that the expert 

brings to the proposed project. 

Forecast – an estimate and prediction of future conditions and events based on information and 

knowledge available at the time of the forecast. See: Estimate. 

Forward selection technique (FST) – a variable selection procedure in which variables are sequentially 

entered into the model. The first variable considered for entry into the equation is the one with the 

largest (positive or negative) correlation with the dependent variable. This variable is entered into the 

equation only if it satisfies the criterion for entry. If the first variable is entered, the independent 

variable not in the equation that has the largest partial correlation is considered next. The procedure 

stops when there are no variables that meet the entry criterion. 

F-test – a test statistic used to test the hypothesis about the variance of samples (ANOVA: analyze the 

differences between group means and their associated procedures, such as “variation” among and 

between groups). Used in hypothesis testing where the null hypothesis is that µ1=µ2= µ3=…= µ4. 

In regression analysis it is the Mean Square Regression divided by the Mean Square Residual. It is 

used in hypothesis testing where the null hypothesis is that there is no relationship between the 

dependent and independent variables (to test the hypothesis that a proposed regression model fits the 

data well)." 

Historical data – data reflecting actual information or past experience of a product or process. 

Historical data includes all recorded information for a contract. Data can be either technical 

information or non-technical. 

Hybrid model – an estimation model that combines different methods or techniques (e.g., regression 

analysis and artificial intelligence) so that they interact among each other to generate estimates. 

Hybrid structure – a structure constructed with a combination of reinforced concrete and structural 

steel, e.g., a structure with columns and slabs in reinforced concrete, floor beams and main beams in 

standard structural steel sections. 
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Independent variable (IV) – also referred to as predictor or explanatory variable. An event or condition 

whose impact or probability is not certain, but which does not depend in any way on the value or 

probability of any other event or condition. 

Indirect costs – costs, which, because of their incurrence for common or joint objectives, are not 

readily subject to treatment as direct costs. 

Knowledge-base – the source of knowledge in a computer system or organization. The collection of 

data, rules, and processes that are used to control a system, especially one using artificial intelligence 

(e.g., NN) or expert system methods (e.g., CBR). 

Linear regression – a mathematical modeling technique that finds the linear equation parameters that 

satisfy the criteria of minimizing the sum of the squared errors between the actual values and those 

estimated by the equation. 

Method – a special way adopted in performing a task; a way, technique, or process of (or for) doing 

something; a careful or organized plan that controls the way something is done.  

Methodology – a set of methods, rules, or ideals; the systematic, theoretical analysis of the methods 

applied to a field of study, or the theoretical analysis of the body of methods and principles associated 

with a branch of knowledge. It, typically, encompasses concepts such as paradigm, theoretical model, 

phases and quantitative or qualitative techniques. 

Model – a representation of a system broken into its component factors, or parts, such as to mimic or 

behave as the actual system would, where such parts or factors are to be varied and intermixed. A 

model is used to gain knowledge about a system without actually executing the system. 

Model performance –the accuracy of the model, hence, the error between the estimated and the actual 

quantities. 

Modeling – the creation of a physical representation or mathematical description of an object, system 

or problem that reflects the functions or characteristics of the item involved. Cost estimate should be 

considered modeling practice and not exact representations of future cost. 

Monte Carlo simulation – a process for modeling the behavior of a stochastic (probabilistic) system. A 

sampling technique is used to obtain trial values for key uncertain model input variables. By repeating 

the process for many trials, a frequency distribution is built up, which approximates the true 

probability distribution for the system’s output. This random sampling process, averaged over many 

trials, is effectively the same as integrating what is usually a very difficult equation to integrate. 

Multivariable regression (multiple regression) – a mathematical model in which an outcome is 

predicted by a linear combination of two or more predictor variables (IVs) through a predetermined 

equation that minimizes the sum of the squared error. Not to be confused with multivariate regression. 

Neural network (NN) – also known as Artificial Neural Network (ANN) or Neural Net. In computer 

science and related fields, neural networks are models inspired by the animal central nervous systems 

(in particular the brain) that are capable of machine learning and pattern recognition. They are usually 

presented as systems of interconnected “neurons” that can compute values from inputs by feeding 

information through the network. 

Normalization − to adjust data for effects such as inflation, anomalies, seasonal patterns, technology 

changes, accounting system changes, and reorganizations. In database management, a process used to 
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modify data so that it conforms to a standard or norm (e.g., conform to a common basis in time, 

currency, location, etc.). When used to assess the similarity between a target and existing cases, 

normalization is applied by scaling the different parameters being compared (e.g., between 0 and 1). 

This brings all of the variables into proportion with one another, taking care of the differences among 

parameters using different scales and facilitates the determination of similar structures during this 

process. 

p-value – the probability of obtaining a test statistic result at least as extreme as the one that was 

actually observed, assuming that the null hypothesis is true. One can "reject the null hypothesis" when 

the p-value turns out to be less than a predetermined significance level (α). 

Parametric cost estimating – a cost estimating methodology using statistical relationships between 

historical costs and other program variables such as system physical or performance characteristics, 

contractor output measures, and manpower loading. An estimating technique that employs one or more 

cost estimating relationships (CERs) for the measurement of costs associated with the development, 

manufacture, and/or modification of a specified end item based on its technical, physical, or other 

characteristics. 

Preliminary estimate – See: Class 4 Estimate; Conceptual estimate 

Process – a series of actions or steps taken in order to achieve a particular end. 

Project – a unique effort that supports a program mission, having defined start and end points, 

undertaken to create a product, facility, or system, and containing interdependent activities planned to 

meet a common objective or mission. A project is a basic building block in relation to a program that 

is individually planned, approved, and managed. 

Project definition – is the first phase in project delivery and consists of three modules: determining 

purposes (stakeholder needs and values), translating those purposes into criteria for both product and 

process design, and generating design concepts against which requirements and criteria can be tested 

and developed. 

Quantification – in estimating practice, an activity to translate project scope information into resource 

quantities suitable for costing. In the engineering and construction industry, a take-off is a specific 

type of quantification that is a measurement and listing of quantities of materials from drawings. 

Regression analysis (RA) – examines the relation of a dependent variable (response/output variable) to 

specified IVs (predictor/explanatory variables). The mathematical model of their relationship is the 

regression equation. The dependent variable is modeled as a random variable because of uncertainty as 

to its value, given only the value of each IV. A regression equation contains estimates of one or more 

hypothesized regression parameters (“constants”). These estimates are constructed using data for the 

variables, such as from a sample. The estimates measure the relationship between the dependent 

variable and each of the IVs. They also allow estimating the value of the dependent variable for a 

given value of each respective IV. 

Significance level (α) – used to check the statistical significance. It is the probability threshold below 

which the null hypothesis will be rejected. The probability that an observed effect would have 

occurred due to chance, often set as 0.05 or 0.01 (5% or 1%) and used to compare with the p-values. 

t-test (Student's t test) – a test statistic used to test the hypothesis about the mean for small samples. 

Used in hypothesis testing where the null hypothesis is that µ1=µ2. In regression analysis is a value (t-

statistic) for the ratio of departure of an estimated parameter (b) from its notional value and standard 
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error (b/SEE) used to test the significance of corresponding regression coefficient (i.e., used in 

hypothesis testing where the null hypothesis is that b=0). 

Target structure – new structure for which CMQs are to be estimated. 

Technique – a way of doing something by using special knowledge or skill.  

Test statistic (t-statistic) – value computed from the sample data used in statistical hypothesis testing 

(when deciding to reject the null hypothesis). 

Typical project –a project that contains typical structures (and infrastructures), and the function of 

those structures is similar from one project to another of the same type. 

Typical structure – in a given project, typical structures are those structures that are usually present 

and which are representative of that project, so a similar project would also be expected to also have 

those structures. They are the third division of the components of a project for which estimates are to 

be developed and the subdivision of a given element. Typical structures can be further subdivided into 

two levels. The upper level indicated the specific type (e.g., storage structures) and the lower level 

indicates the subtype (e.g., storage A, storage B), sharing similar characteristics (e.g., functionality, 

constructability, structural design) of a given structure type. The CMQs to be estimated are assigned at 

the structure subtype level. Depending on data availability the estimation models can be done for a 

given structure type by combining (or rolling-up) the structures subtypes. 

Uncertainty – A situation in which the outcome is subject to an uncontrollable event stemming from 

an unknown probability distribution. 

Validation – In terms of parametric estimating, a process used to determine whether the estimating 

relationship and/or model selected for a particular estimate is a reliable predictor of the system being 

estimated. 
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NOTATION 

Adj R2 :  Adjusted coefficient of determination 

AI :  Artificial intelligence 

AIC :  An Information Criterion (also known as Akaike information criterion) 

AICc :  Second order bias correction for An Information Criterion (AIC) 

BET :  Backward elimination technique 

Bi :  Weight for bias neuron i in a NN 

CBR :  Case-based reasoning 

CF : Correction factor when the back transformation is based on natural logarithms and the 

errors are normally distributed (𝑒𝑆𝐸𝐸
2/2) 

CI :  Confidence interval 

CL :  Confidence level 

CMQ :  Construction material quantity 

CO :  Concrete 

Dist :  Distance between the target and existing structure 

DV :  Dependent variable 

e :  Euler’s number (mathematical constant, approximately equal to 2.718281) 

E :  Scientific notation meaning “times ten raised to the power of ” 

FND :  Foundation 

FST :  Forward selection technique 

GA :  Genetic algorithm 

HB :  Hybrid structure (e.g., a combination of reinforced concrete and structural steel) 

Hi :  Processing neuron i in hidden layer 

IV :  Independent variable 

k :  Number of independent variables in the model 

K : Number of parameters in the model (e.g., for regression models independent variables, 

constant and error terms) 

ln or LN : Natural log (logarithm to the base e) 

MAPE : Mean absolute percentage error 

n :  Sample size or number of observations 
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NN:  Neural network 

O :  Scaled output from a NN model 

OT :  Scaled-back output of NN model 

Pi,a :  Percentage of CMQi for structure subtype a 

R2:  Coefficient of determination 

RA :  Regression analysis 

RC :  Reinforced concrete structure 

RE :  Reinforcement 

SF :  Similarity function 

Sim :  Similarity between the target and existing structure (1-Dist) 

SimThres : Similarity threshold 

SSE :  Sum of squared errors 

ST :  Structural steel 

STGS :  Storage structure 

TFS :  Tall-frame structure 

US :  Upper structure 

wi :  Weight i between neurons in different layers of a NN 

wti :  Weight used to evaluate the performance of different distances (Dist) 

X(n+m):  Categorical independent variables 

Xn :  Continuous independent variables 

ŷ :  estimated values obtained from the model 

Y :   Output from the regression equation (dependent variable) 

y :  Observed sample values 

z : Allowable shrinkage from R2 to Adj R2 

z(1-CL)/2 : Value for the test statistic corresponding to the smaller portion of the area for a given 

CL in a normal distribution 

β :   Unstandardized regression coefficient 
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ABSTRACT 

Preliminary cost estimates are the first thoughtful efforts to predict the cost of a project. These 

estimates heavily influence the fate of a project as they are crucial during the initial decision-making 

process. A great array of preliminary cost estimation methods have been developed for the different 

types of construction industries. These estimates typically concentrate only on project costs (often a 

single monetary value). Little attention has been given to the development of models for estimating the 

construction material quantities (CMQs) needed for the different elements that comprise a project. If 

the required CMQs can be accurately estimated, current unit costs can be included to determine the 

project cost by creating a preliminary estimate with a clear separation between technical estimates 

(quantities) and market fluctuations in prices (cost of materials and labor). 

The objective of this doctoral thesis has been to develop a methodology that would allow project 

estimators to make accurate preliminary estimates of the CMQs used in construction projects in a 

consistent and systematic manner. 

The proposed methodology consists of two distinct phases, the pre-estimation phase and the estimation 

phase. The first phase includes data collection and preprocessing, identification of CMQ-relevant 

structures, and a process for the development of estimation models using regression analysis (RA) and 

neural networks (NNs), as well as an information criterion (i.e., performance metric) to select among 

the different developed models. In the second phase, three basic concepts, learning, adjusting, and 

estimating, are integrated by combining RA, NNs and case-based reasoning (CBR) in order to create a 

hybrid CMQ estimation methodology. The proposed methodology is not only highly relevant, but also 

a new contribution to the research areas related to the development of CMQ estimates and the 

interaction and integration of different techniques in the development of estimation models. Most of 

the merit of this doctoral thesis comes from the development of the different processes using existing 

techniques to create the proposed methodology. These include processes that analytically (1) 

investigate different regression techniques to make estimation models, (2) develop CMQ estimation 

models using the most appropriate techniques, (3) investigate the best metric (i.e., performance metric) 

to evaluate the developed model, (4) assess different elements of the CBR process (e.g., similarity 

functions, adaptation process, similarity thresholds), and (5) incorporate different techniques in the 

creation of estimation models. 

The proposed methodology is set up in a way that takes the project estimator in a consistent and 

systematic manner through all the necessary steps (from data collection and analysis to model 

development and integration) required in the development of accurate CMQ estimation models. 

Although the proposed methodology can be applied to construction projects in any industry, its 

implementation and demonstration was mostly studied and illustrated with the preparation of 

preliminary CMQ estimates for the structures involved during the manufacturing process of cement in 

greenfield cement plant projects. Using storage structures and tall-frame structures in cement plant 

projects, the proposed methodology was used to estimate the 234 CMQs from 102 structures (12 

storage structures, 60 tall-frame structures (upper structure), and 30 tall-frame structures (foundation)). 

The errors obtained ranged from -13% to 17%, with 72% of the estimated CMQs showing a 

percentage error below ±5; all below the recommended accuracy ranges for Estimate Class 4 

(generally -30% to +50% or ±20% in CH). The proposed methodology was compared with estimation 

models developed using RA, NNs, and CBR. The results from this comparison show that the CMQ 

estimates from the proposed methodology outperform the ones obtained with the other techniques. 

This was clearly indicated by the lower mean average percentage errors (MAPEs) for the different 

CMQs on the structure subtypes evaluated. For example, for the estimates of concrete in storage 
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structure subtypes the proposed methodology had a MAPE of 3% vs. 29%, 9%, and 9% from the 

regression, NN, and CBR models, respectively. The improved performance was also proved with the 

statistical tests conducted. The null hypothesis that there was no difference between the absolute 

errors from the proposed methodology and the other techniques was rejected in 90% of the tests 

conducted. In the remaining 10% of the tests, the MAPEs from the proposed methodology were lower 

than those from the other techniques but without a significant statistical difference (with α = 0.05). 

Future research in this area should be headed towards the advancement in the development of CMQ 

estimates (or resources in general) and the interaction and integration of different techniques in the 

development of estimation models for construction projects. 
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ZUSAMMENFASSUNG 

Vorgängige Kostenschätzungen sind erste Bemühungen, die Projektkosten vorauszusagen. Diese 

Schätzungen haben einen grossen Einfluss auf das Schicksal eines Projekts, da sie den ersten Phasen 

des Entscheidungsprozesses ausschlaggebend sind. Eine Vielzahl von Methoden zur vorgängigen 

Kostenschätzung sind bereits für die verschiedenen Sparten der Bauindustrie entwickelt worden. 

Typischerweise konzentrieren sich diese Schätzungen auf die Projektkosten, welche oft als 

alleinstehender Geldwert ausgedrückt sind. Bisher wurde der Entwicklung von Modellen zur 

Schätzung der Baumaterialmenge (Engl.: Construction Material Quantities (CMQs)), welche für die 

verschiedenen Elemente in einem Projekt benötigt werden, wenig Aufmerksamkeit beigemessen. 

Wenn die benötigte Baumaterialmenge präzise geschätzt werden kann, können unter Berücksichtigung 

der aktuellen Einheitskosten die Projektkosten über eine vorgängige Schätzung ermittelt werden, mit 

einer klaren Unterteilung in technische Schätzungen (Quantität) und Marktpreisschwankungen 

(Material- und Arbeitskosten). 

Ziel dieser Arbeit war die Entwicklung einer Methodik, welche es Projektkalkulatoren erlaubt, auf 

konsequente und systematische Weise präzise vorgängige Schätzungen der in einem Projekt 

verwendeten Baumaterialmenge zu machen. 

Die vorgeschlagene Methodik besteht aus zwei Phasen: Die Vorabschätzungsphase und die 

Schätzungsphase. Die erste Phase umfasst die Datenerfassung und -vorverarbeitung, die Identifikation 

von Strukturen, welche hinsichtlich Baumaterialmengen relevant sind, ein Vorgehen zur Entwicklung 

von Schätzmodellen (welche Regressionsanalyse (RA) und Neuronale Netzwerke (NNs) verwenden) 

sowie ein Informationskriterium (d.h. eine Leistungsmessgrösse) um zwischen den verschiedenen 

entwickelten Modellen auszuwählen. In der zweiten Phase werden die drei Grundkonzepte Lernen, 

Anpassung und Schätzung durch Kombination von RA, NNs und Case-based Reasoning (CBR) zu 

einer hybriden Schätzungsmethodik für die Baumaterialmenge integriert.  

Die vorgeschlagene Methodik ist relevant für die Entwicklung von CMQ-Schätzungen; ausserdem 

liefert sie einen neuen Beitrag zu den Forschungsbereichen der Entwicklung von CMQ-Schätzungen 

sowie der Interaktion und Integration von verschiedenen Techniken in der Entwicklung von 

Schätzmodellen. Der Hauptverdienst dieser Arbeit besteht in der Entwicklung verschiedener Prozesse 

unter Verwendung existierender Techniken zur Erschaffung der vorgeschlagenen Methodik. Dies 

schliesst Prozesse ein, die analytisch (1) verschiedene Regressionstechniken zur Erstellung von 

Schätzmodellen untersuchen, (2) CMQ-Schätzmodelle unter Verwendung der am besten geeigneten 

Methode entwickeln, (3) die beste Kennzahl (d.h. Leistungsmessgrösse) zur Beurteilung des 

entwickelten Modells eruieren, (4) verschiedene Elemente des CBR-Prozesses (z.B. 

Ähnlichkeitsfunktionen, Anpassungsprozess, Ähnlichkeitsschwelle) bewerten und (5) verschiedene 

Techniken zur Schaffung von Schätzmodellen einbeziehen. 

Die vorgeschlagene Methodik ist so aufgebaut, dass sie den Projektkalkulator in einer konsistenten 

und systematischen Weise durch alle notwendigen Schritte für die Entwicklung eines geeigneten 

CMQ-Schätzmodells (von der Datenerfassung und -analyse bis zur Modellentwicklung und -

integration) führt. 

Obwohl die vorgeschlagene Methodik auf Bauprojekte jeder Branche angewandt werden kann, wurde 

ihre Umsetzung und Veranschaulichung hauptsächlich unter dem Ansatz von vorgängigen CMQ-

Schätzungen für Strukturen, welche im Zementherstellungsprozess von neu geplanten Zementwerken 

involviert sind, studiert und dargestellt. Unter Betrachtung von Speicherbauwerken und hohen 

Skelettbauten in Zementwerkprojekten wurde die vorgeschlagene Methodik verwendet, um 234 CMQs 
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von 102 Strukturen (12 Speicherbauwerke, 60 hohe Skelettbauten (oberhalb Fundament) und 30 hohe 

Skelettbauten (Fundament)) zu schätzen. Die Abweichungen lagen in einem Bereich von -13% bis 

17% (72% der geschätzten CMQs mit einer prozentualen Abweichung kleiner als ±5) und somit alle 

unterhalb des empfohlenen Genauigkeitsbereichs für die Schätzklasse 4 (grundsätzlich -30% bis +50% 

oder ±20% in der Schweiz). Die vorgeschlagene Methodik wurde mit Schätzmodellen verglichen, 

welche RA, NNs und CBR verwenden. Der Vergleich zeigt, dass die CMQ-Schätzungen mit der 

vorgeschlagenen Methodik die Ergebnisse anderer Techniken übertreffen. Dies wurde durch den 

kleineren Mittelwert der prozentualen Abweichungen (Engl.: mean average percentage errors 

(MAPEs)) für die verschiedenen CMQs der betrachteten Strukturuntertypen deutlich. Als Beispiel 

wurde bei der Schätzung der benötigten Betonmenge in Speicherbauwerksubtypen mit der 

vorgeschlagenen Methodik ein MAPE von 3% gegenüber 29% (RA), 9% (NN) bzw. 9% (CBR) 

erreicht. Die verbesserte Schätzung wurde ausserdem mit statistischen Tests geprüft, wobei die 

Nullhypothese („Kein Unterschied zwischen den absoluten Fehlern der vorgeschlagenen Methode und 

den der anderen Techniken“) in 90% der Tests verworfen wurde. In den restlichen 10% der Tests 

waren die MAPEs aus der vorgeschlagenen Methodik kleiner als diejenigen der anderen Techniken. 

Jedoch wurde dabei kein signifikanter statistischer Unterschied (mit α = 0.05) festgestellt.  

Zukünftige Forschung in diesem Bereich sollte in Richtung der Verbesserung der Entwicklung von 

CMQ-Schätzungen (oder Ressourcen im Allgemeinen) und der Interaktion und der Integration von 

verschiedenen Techniken in die Entwicklung von Schätzmodellen von Bauprojekten durchgeführt 

werden. 

 



Foreword 

xxxiii 

FOREWORD 

With the increasing use of information management systems there is an increasingly large amount of 

information at the fingertips of construction and infrastructure managers. With the right methodologies, this 

information can be used to make better predictions of what will happen in the future, to better determine 

optimal intervention strategies, work programs and projects, and to better determine the processes that 

should be used within the responsible organizations. One particular area of improvement is with respect to 

the ability to estimate the amount of construction materials required to construct infrastructure in early 

project phases. Currently, construction and infrastructure managers make estimates, based heavily on their 

expert knowledge, missing the full use of the information that they possess and using a great amount of 

time and effort.  

To overcome this shortcoming, Mr. Borja García de Soto Lastra proposes a new methodology to estimate 

the amount of construction material quantities (CMQs) to be used in construction projects, when the 

estimates need to be made at a project stage when only the values of a few key parameters, e.g. design wind 

speed, storage capacity of the structure, are known. His proposed methodology consists of two phases. The 

first includes data collection and preprocessing, identification of the CMQ-relevant structures, and a 

process for the development of estimation models using regression analysis and neural networks, as well as 

a performance metric to select among the different developed models. The second includes the estimation 

part of the methodology. The new aspect of the methodology, is the combination of the processes to 

investigate different regression techniques to make estimation models, to develop CMQ estimation models 

using appropriate techniques, and to incorporate different techniques at appropriate times to develop the 

most accurate estimation models.  

Mr. García de Soto Lastra developed and tested his methodology using data provided on the construction of 

greenfield cement plants around the world. It was found that the methodology is sufficiently accurate to be 

used to make estimates of class 4 in Switzerland (within 20%) and was often much better than this. It was 

also found that this methodology drastically reduced the amount of time and effort to make such estimates. 

The work conducted by Mr. García de Soto Lastra is relevant, not only with respect to the estimation of 

CMQs, upon which costs estimates are based, for greenfield cement plants, but has a wide ranging potential 

to be used to estimate material quantities for the use of many other types of infrastructure and many other 

types of projects, e.g. maintenance of bridges. As the amount of data available is increasing in the 

management of many types of infrastructure, it is my firm belief that many construction and infrastructure 

managers will find this methodology of use. Once implemented, this methodology will help managers 

make better estimates, and armed with this information, better decisions of what should be done and when. 

This, in turn, will help keep construction projects on schedule and on budget.  

In his doctoral thesis Mr. García de Soto Lastra has also demonstrated one way in which this methodology 

can be programmed so that it can make use of available electronic data. This allows one the possibility of 

imagining a future in which this methodology will be integrated into information management systems so 

that regular, consistent and fast estimation of CMQs, and therefore costs, for a wide range of projects can 

be made. 

Mr. García de Soto Lastra has demonstrated, beyond any doubt, that he is capable of conducting 

independent research at a high level and that he can make contributions to the state-of-the-art in an already 

advanced field of research. On behalf of the Institute for Construction and Infrastructure Management at 

the Swiss Federal Institute of Technology, Zürich, I thank him for his thorough and constant investment to 

this topic, as well as for both his professional and personal qualities. 

 

Zürich, 3rd December, 2014 Professor Dr. Bryan T. Adey 
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1 INTRODUCTION 

1.1 Background and motivation 

In general, the estimation of the construction cost for a project is a tedious quantification process, 

subject to human error which is transferred into the different line items of the estimate. Project 

estimators’ true estimation wisdom, experience and valuable project contributions are limited because 

they use most of their time and effort in the quantification process rather than focusing on project-

specific features, such as project type, location, design/construction team involved, that add value to 

the estimate and are essential for high quality and reliable estimates, especially during the early stages 

of a project (i.e., during the preparation of preliminary estimates). 

Preliminary cost estimates are the first thoughtful efforts to estimate the cost of a project and they are 

crucial during the initial decision-making process for the construction of projects. These estimates 

heavily influence the fate of many projects, yet they have many limitations. Estimators at these early 

stages of a project’s life cycle are provided with very little information about the project, limited scope 

definition, and very little time to prepare estimates. However, these early estimates are a key 

component in the decision-making process of a project’s feasibility and they become the basis for the 

economic analysis and the “go/no-go” decision (Figure 1). In many occasions, these early estimates 

are not accurate and variations from early cost estimates to actual construction cost are significant. 

Figure 2 illustrates the different project phases and corresponding estimate levels and their 

relationship. 

Identify need

Is need 

important?
No

Yes

Develop project alternatives 

and select best one

Is project 

feasible?

Yes

Perform feasibility evaluation

Preliminary 

estimate

End

No

Move to next project phase

Start feasibility phase

 

Figure 1: Typical flow-diagram for project definition during conceptual phase (adapated from Shtub et al., 2005) 

Nevertheless, independent of their accuracy, early estimates typically become the baseline estimate 

from which future estimates are unreasonably expected to agree with (Oberlender et al., 2001). In 

many cases, meaningful comparisons are also unfeasible due to the type and level of information from 
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preliminary estimates to definitive estimates. To reconcile these estimates the data has to be 

significantly processed, making this approach impractical and susceptible to errors. 

 

Figure 2: Project phase and estimate level interaction (adapted from Sabol, 2008) 

In the United States, many departments of transportation (DOTs) experience significant costs overruns 

on road network projects. A study conducted by the US General Accounting Office (GAO) in 1997, 

showed that over 70% of the highway projects analyzed experienced cost overruns, some of them 

exceeding the original estimates by 200%. Another study (Hecker, 2002) indicated that one of the 

various factors contributing to cost overruns on highway projects was inaccurate preliminary cost 

estimates. But this problem is not limited to the United States. A study by Flyvbjerg et al. (2002) 

covering 258 transportation infrastructure projects in 20 nations concluded that substantial project 

overrun is the rule rather than the exception. Significant research has been conducted in the area of 

cost overrun in transportation projects; however, this phenomenon extends to most construction 

sectors and project types. Many studies related to the investigation of cost estimates for projects of all 

types have found that the final cost incurred almost always exceeds the amounts originally estimated 

(Schexnayder et al., 2003). 

Similar to transportation projects, other capital projects, such as industrial plants, such as petroleum 

refineries and petrochemical plants, alternative-power generation plants, or cement manufacturing 

plants, typically require a substantial economical investment. The fixed cost required to build, expand, 

or modify these types of industrial facilities can be significant (Jelen, 1970), yet, the difference 

between the preliminary estimates and the actual cost is noticeable. The cost overruns of nuclear 

power plants constructed in the 60s and 70s averaged 200% from the original estimates (Energy 

Information Administration, 1986). During the construction of cement manufacturing plants in the last 

years, millions of dollars of unplanned costs have been spent by large and experienced cement 

manufacturers beyond the project budgets. In the majority of these projects, the civil construction was 

the main reason for the cost overruns (García de Soto et al., 2013). In many cases, if the true value of 

the civil construction costs were known during the conception stage, the project might have not been 

approved, putting significant amount of time, money and human effort to a better use. 

Different cost estimation methods have been developed for the different types of construction 

industries; however these estimates typically provide a single monetary value and they lack the content 

capacity to make meaningful comparisons with other, more accurate, estimates developed during the 

project’s life cycle (e.g., conception, design, construction). This also affects the information used by 

different control tools available to project managers and limits applications (lessons learned) for future 

projects. 
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Although there are many preliminary cost estimation methods employing different techniques (e.g., 

regression analysis and artificial intelligence) cost estimates have not improved, and cost overruns 

have not decreased over the past 70 years (Flyvbjerg et al., 2003). Some research (e.g., Singh, 1990-

1991; Yeh, 1998; Bakhoum et al., 1998; Yu, 2006; Chou et al., 2006; Kim et al., 2009; Fragkakis et 

al., 2011; Du & Bormann, 2014; Oh et al., 2013; Son et al., 2013) has been conducted to develop cost 

estimates by segregating them into different components. In general, little attention has been given to 

the development of models to estimate the construction material quantities (CMQs) needed for the 

different elements that comprise a project. A reason might be that CMQ-based estimates are very 

demanding and time consuming. A model has to be developed and tested for every structure and its 

different CMQs. Another reason might be attributed to the paucity of information available regarding 

the actual materials used in construction, mostly due to the lack of detailed project documentation. 

However, if the required CMQs can be accurately estimated, current unit costs can be included to 

determine the project cost by creating a preliminary estimate with a clear separation between technical 

estimates (quantities) and market fluctuations (cost of materials and labor). 

The construction industry should focus in making estimates that segregate resources (e.g., CMQs) and 

cost, and take full advantage of available techniques and borrow expertise from other fields (law, 

medicine, software development, etc.) to implement methods such as artificial intelligence (neural 

networks, case-based reasoning) to develop more accurate estimates. 

1.2 Objective 

The objective of the research conducted for this doctoral thesis was to develop a methodology to make 

preliminary estimates (Class 4 estimates as defined by AACEI, section 2.1.1) of the CMQs used in 

construction projects by combining different estimation methods (e.g., regression analysis and 

artificial intelligence). Preliminary estimates are generally prepared based on limited information, and 

therefore have fairly wide accuracy ranges 0F

1. By focusing on three concepts (i.e., learning, adjusting, 

and estimating) it is intended that the methodology proposed in this doctoral thesis will reduce the 

accuracy ranges, providing estimates that are more accurate than those prepared using current 

practices. 

The proposed methodology focuses principally on making the best use of available data and covers all 

situations encountered when making preliminary CMQ estimates for construction projects. Included in 

the methodology are recommendations about the data requirements, the process of data acquisition, 

and the process of model development that should be followed to ensure that the methodology 

performs as intended. 

1.3 Limitations 

The estimates are only made for CMQs. The CMQs estimated from the proposed methodology could 

be easily coupled with cost data (i.e., the corresponding unit cost for each estimated CMQ) to develop 

cost estimates. This unit cost should include fabrication and delivery, erection, installation, insurance, 

site indirect costs, supervision, and overhead and profit. This, however, is beyond the scope of this 

doctoral thesis. 

                                                      

1The range for an estimate’s predicted closeness to final actual costs (as defined by AACEI 10S-90, 2014). In 

this doctoral thesis the accuracy is measured in terms of the percentage error between the estimated and actual 

CMQs. 
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Based on the available data 1F

2, models were developed to estimate the selected CMQs for the structure 

subtypes which satisfy the desired contributions to the CMQs of interest, e.g., CMQ estimation models 

for the structure subtypes that account for 80% of the selected CMQs in a typical project. Those 

structure subtypes are defined in this doctoral thesis as CMQ-relevant structures and they include 

reinforced concrete structures and hybrid (e.g., a combination of reinforced concrete and structural 

steel) structures. 

Although the proposed methodology is conceived so it can be applied to any construction project in 

any industry type (e.g., industrial, commercial, residential, civil work), its implementation and 

demonstration in this doctoral thesis is limited to the industrial sector, in particular for the preparation 

of preliminary CMQ estimates for the structures involved during the manufacturing process of cement 

in greenfield cement plant projects. 

The performance of the proposed methodology is measured in terms of the accuracy of the estimates 

(i.e., MAPE) for the selected structure subtypes being estimated. The estimation accuracy at the 

project level (i.e., cement plant) is not possible due to the limited amount of information for complete 

projects. 

1.4 Structure of the doctoral thesis 

The remaining of this manuscript is organized as follows: 

Chapter 2: Literature review 

Provides information about the different types of estimates and their accuracy. It also includes a 

summary of the state of the art for the different techniques and methods commonly used to develop 

cost estimation models, the metrics used to assess the model performance, estimates based on 

construction material quantities, and hybrid estimation models. 

Chapter 3: Proposed methodology 

Introduces the proposed methodology and gives detailed information about all the phases and 

corresponding steps, sub-steps, and processes required. 

Chapter 4: Investigation of key methodological aspects 

Gives a detailed investigation of all the different elements used in the proposed methodology. These 

include: 

1. Regression techniques 

2. Performance metric 

3. Similarity function 

4. Adaptation process 

5. Similarity threshold 

Chapter 5: Illustration of the proposed methodology (i.e., example) 

Shows an example going through all the steps required for the implementation of the proposed 

methodology, presented in a way that assumes that it is an estimator the one going over the different 

steps (sub-steps and processes). 

 

                                                      

2 Construction material quantities and parameters from different structure types were available from actual 

historical 
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Chapter 6: Validation 

Uses the results from Chapter 5, Appendix F, and Appendix G from the 102 target structures (234 

CMQ estimates) to validate the proposed methodology. 

Chapter 7: Comparison of proposed methodology with typical estimation practices 

Compares the 234 CMQ estimates from the proposed methodology (Chapter 6) with those obtained 

using regression analysis, neural networks, and case-based reasoning. 

Chapter 8: Conclusion, contributions, limitations, and future work 

Summarizes the previous chapters and the results obtained from the proposed methodology when used 

to estimate the CMQs for the selected structures in cement plant projects. The contributions of the 

proposed methodology, its limitations and future work are also discussed. 

In addition several appendices are included to support or provide additional information to the main 

chapters. The appendices included in this doctoral thesis are: 

 

Appendix A: Back-propagation learning algorithm and the delta rule 

 

Appendix B: Models developed using the FST and BET for tall-frame Structure Subtypes A-L 

 

Appendix C: CBR retrieval process: study of similarity functions 

 

Appendix D: Derivation of the adjustment to the unstandardized regression coefficients and 

the normalized distance between target and existing structures 

 

Appendix E: Data 

 

Appendix F: Example for model development and evaluation using proposed process for tall-

frame structures (as shown in Step 3, Chapter 3, section 3.2.3.3) 

 

Appendix G: Example using tall-frame structures to illustrate the estimation phase (as shown 

in Step 4, Chapter 3, section 3.3.1) 

 

Appendix H: Proposed adaptation vs. other regression-based adaptations 
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2 LITERATURE REVIEW AND BACKGROUND 

Several preliminary estimating procedures have been developed for the different types of construction 

sectors. These vary considerably from one industry to another. The estimation models used can be 

very rudimentary or highly complex and proprietary (Barrie, 1992). In addition, a great array of 

techniques are used to develop the estimates, ranging from simple spreadsheets storing data from 

previous projects and used as reference for future ones, to models using regression analysis, or models 

using sophisticated algorithms developed with artificial intelligent applications, such as neural 

networks or case-based reasoning. 

The state of the art considered in the work for this doctoral thesis can be broadly categorized as 

indicated below and further explained in the following sections: 

1. Types of estimates and their expected accuracy 

2. Methods or techniques used to develop estimation models 

3. Metrics used to evaluate and select developed models using different techniques 

4. Cost estimates based on CMQ estimates 

5. Models using a combination of different techniques (i.e., hybrid models) 

2.1 Types of estimates and their accuracy 

The awareness about the accuracy of cost estimates has been documented for a long time. During the 

1st century BC, Marcus Vitruvius, in his work De Architectura (Ten Books on Architecture), made 

reference to an old Greek law indicating that at the beginning of a project the architect was required to 

provide an estimate for the project’s final cost. If the actual cost exceeded “more than a quarter part” 

of the approved budget, the architect would be punished by paying for the additional cost (Vitruvius 

Pollio, 1787). 

Estimates are classified according to their accuracy, which is related to the time when the estimate is 

prepared. According to the AACE International Recommended Practice No. 18R-97 (Christensen & 

Dysert, 2011) estimates are divided in five classes, depending on their level of project definition and 

end usage. In this context, project definition, as described by Whelton and Ballard (2002) includes 

three main components: determining the stakeholder needs and values, converting those into 

benchmarks for both product and process design, and generating design concepts that can be used to 

test and develop those requirements and benchmarks. Each estimate class has an associated expected 

accuracy range. The cost estimate classification system determined by AACEI is summarized below 

(AACEI 10S-90, 2014). 

2.1.1 Classes of Estimates 

AACE International classifies estimates into five classes. They are explained below. 

2.1.1.1 Estimate Class 1 

Estimate Class 1 has between 65% and 100% of complete project definition. This type of estimate is 

also known as definitive estimate. They are generally prepared for discrete parts or sections of the total 

project rather than for the entire project. The parts of the project estimated at this level of detail will 

typically be used by subcontractors for bids, or by owners for check estimates. 

2.1.1.2 Estimate Class 2 

Estimate Class 2 has between 30% and 75% of complete project definition. They are also known as 

definitive estimate, and are generally prepared to form a detailed control baseline against which all 
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project work is monitored in terms of cost and progress control. For contractors, this class of estimate 

is often used as the “bid” estimate to establish contract value. 

2.1.1.3 Estimate Class 3 

Estimate Class 3 has between 10% and 40% of complete project definition. It is also known as budget 

estimate and is generally prepared to form the basis for budget authorization, appropriation, and/or 

funding. These estimates are typically prepared to support full project funding requests, and become 

the first of the project phase “control estimate” against which all actual costs and resources will be 

monitored for variations to the budget. In some cases these estimates are the last estimate required and 

could well form the only basis for cost/schedule control. 

2.1.1.4 Estimate Class 4 

Estimate Class 4 has between 1% and 15% of full project definition. They are also known as 

preliminary or conceptual estimates and are generally prepared based on limited information and, as a 

result, have fairly wide accuracy ranges. They are typically used for project screening, determination 

of feasibility, concept evaluation, and preliminary (but generally not final) budget approval. Class 4 

estimates are prepared for a number of purposes, such as but not limited to, detailed strategic planning, 

business development, project screening at more developed stages, alternative scheme analysis, 

confirmation of economic and/or technical feasibility, and preliminary budget approval or approval to 

proceed to next stage. The work of this doctoral thesis is focused on Estimate Class 4. 

2.1.1.5 Estimate Class 5  

Estimate Class 5 has between 0% and 2% of full project definition. They are also known as order of 

magnitude estimates. They are generally prepared based on very limited information, and generally 

have wide accuracy ranges. 

2.1.2 Estimate accuracy 

The accuracy range is defined as the range for an estimate’s predicted closeness to final actual costs 

(AACEI 10S-90, 2014). The expected accuracy range for the different classes of estimates is given as 

a variation in lower and upper ranges2F

3 and the values represent the typical percentage variation of 

actual costs from the cost estimate after application of contingency for a given scope. The higher the 

class estimate, the wider the accuracy ranges. For the low range (i.e., underestimates), the expected 

accuracy range for the different estimate classes varies as follows: for Class 1 estimates from -3% to -

10%, for Class 2 estimates from -5% to -15%, for Class 3 estimates from -10% to -20%, for Class 4 

estimates from -15% to -30%, and for Class 5 estimates from -20% to -50%. Similarly, for the upper 

range (i.e., overestimates), the expected accuracy range for the different estimate classes varies as 

follows: for Class 1 estimates from +3% to +15%, for Class 2 estimates from +5% to +20%, for Class 

3 estimates from +10% to +30%, for Class 4 estimates from +20% to +50%, and for Class 5 estimates 

from +30% to +100% (Figure 3). 

                                                      

3 Lower and upper ranges meaning, negative and positive, or underestimation or overestimation in the sense of 

estimate accuracy. 
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Figure 3: Expected accuracy range according to AACEI (adapted from Christensen & Dysert, 2011) 

2.1.2.1 Swiss standards - Regulation SIA 112 

Girmscheid and Motzko (2013) used the different project phases, from strategic planning to invitation 

to bid, defined by the Swiss Society of Engineers and Architects (SIA by its German acronym), 

Regulation SIA 112 (SIA 112, 2001), to show the corresponding cost estimates and associated 

accuracy ranges. When combining the different project phases with the estimates classes (Figure 4), 

one can see that the accuracy ranges indicated by Girmscheid and Motzko (2013) are, overall, more 

stringent than the average values proposed by the AACEI (Christensen & Dysert, 2011) and in line 

with the absolute low values in the upper and lower ranges (e.g., -15% and 20%, respectively, for an 

estimate class 4). 

 

Figure 4: Expected accuracy range using the project phases per Swiss standard, SIA 112 (adapted from Girmscheid & Motzko, 

2013)  

For the class estimate of interest in this doctoral thesis (i.e., estimate class 4, corresponding to the 

preliminary study phase) the expected cost accuracy is ± 20% (Girmscheid & Motzko, 2013) versus -

23% to 35% (average for lower and upper ranges) (Christensen & Dysert, 2011). 

2.2 Techniques and methods commonly used to develop cost estimation models 

Many techniques for the estimation of construction cost have been employed by researchers and 

practitioners. While researchers and sophisticated owners and contractors use artificial intelligence 

techniques, such as neural networks (NNs), and case-based reasoning (CBR) (with different 

variations), most practitioners use models based on regression analysis. To see which techniques 

-50-45-40-35-30-25-20-15-10 -5 0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95100

Class 1

Class 2

Class 3

Class 4

Class 5

Expected Accuracy Range (%)

E
st

im
a

te
 C

la
ss

Invitation to bid

Construction planning

Preliminary planning

Preliminary study

Strategic planning

-30 -25 -20 -15 -10 -5 0 5 10 15 20 25 30

Class 1

Class 2

Class 3

Class 4

Class 5

P
ro

je
ct

 P
a

h
se

Expected Accuracy Range (%)

E
st

im
a

te
 C

la
ss

<5% >-5% 



Chapter 2 Literature review and background 

9 of 215 

perform better, many studies have been carried out to compare the estimation accuracy derived from 

the models developed using different techniques. 

Smith and Mason (1997) compared construction cost estimation models that were developed using 

regression and NN techniques. They used a function with two independent cost driver variables. The 

function included nonlinear and cross terms. They also used simulated data for the main purpose of 

identifying the correct cost estimating relationship. To compare the models they used the mean 

absolute relative error, which was interpreted as the average absolute percentage deviation from the 

actual cost over all the samples, and the root-mean-square error (RMS error) based on the square of 

the errors from all the samples. They also considered the maximum and minimum errors and used a 

scatter plot of the regression and NN predicted costs vs. a line of perfect predictions. Results using 20 

samples of pressure vessel costs as a function of the height, diameter and wall thickness showed that 

NNs had advantages when dealing with data that does not adhere to the generally chosen low order 

polynomial forms, or data for which there is little a priori knowledge of the appropriate cost estimating 

relationships to select for regression modeling. However, in cases where an appropriate cost estimating 

relationships could be identified, regression models had significant advantages in terms of accuracy, 

variability, model creation and model examination. 

Sonmez (2004) used cost data from 30 continuing care retirement community projects in the USA to 

develop cost estimation models using regression and NN techniques. To develop regression models he 

used the backward elimination technique (BET) and the significance level and coefficient of 

determination to decide which variables to be eliminated. Two feed-forward NN models were 

constructed using the variables from the selected regression model. The NNs differed in the number of 

neurons in the hidden layer (one with six and other with three). He used the 30 projects to develop the 

models. The selected regression model and the two NN models were compared using the mean 

squared error (MSE) and the mean absolute percentage error (MAPE). The results indicated that NN 

models provided better fit to the data (using all 30 projects) than the regression model; however, the 

regression model had a better prediction performance (using 3 randomly selected cases as test cases 

for cross-validation) than the NN models. 

Kim et al. (2004) examined the ability of multiple regression models, NN models, and the use of CBR 

to estimate construction cost directly. Their models were developed using data from 530 projects of 

residential buildings in Seoul, Korea. The Statistical Package for Social Science (SPSS) stepwise 

techniques were used to develop the regression models. NeuroShell2, which is a commercially 

available NNs package produced by Ward Systems Group Inc., was used to develop the NN models. A 

CBR system was developed based on ESTEEM, a CBR development tool, produced by ESTEEM 

Software Inc. The performance of each model was measured by the mean absolute error rate (MAER) 

(the same as the mean absolute percentage error (MAPE) used by other researchers). In addition, the 

averages of the three estimating results were compared with each other and analyzed by using the 

analysis of variance (ANOVA). The null hypothesis was that the MAPEs of the three approaches were 

equal. Kim et al. (2004) found that the NN model made more accurate estimates than either the 

regression model or using CBR; however, the latter performed better than the NN model with respect 

to long-term use and maintenance, and resulted in a better balance between the time to develop the 

model and the accuracy of the estimates. In their work, however, no mention was made about the 

selection of the regression model from the ones developed using the SPSS statistical software, other 

than “… The best regression model was developed at the eighth step…”. 

Lowe et al. (2006) developed regression and NN models to estimate the construction cost of buildings 

from 286 construction projects from the UK.  Using the forward and backward techniques, a total of 

six regression models were developed (using the two techniques for the estimation of the log Cost, the 
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Cost/m2 and the log Cost/m2). The models had a considerable variation in the number of variables used 

by each of them. In comparing the cost models, three measures were used: the R2 on cost, the R2 on 

cost/m2, and the mean absolute percentage error (MAPE). They found that the six regression models 

performed similarly. The best regression model to estimate construction cost was the one using the log 

of cost and developed with the backward technique. The performance of the regression model was 

slightly inferior to that of the NN models, but the differences were small. 

Kim et al. (2013) compared RA, NN and support vector machine 3F

4 (SVM) models to estimate school 

building construction costs. The regression models were developed using the stepwise techniques in 

SPSS and the construction costs of 217 school building projects in Korea. As with Kim et al. (2004) 

the performance of the models was measured using the MAPEs. ANOVA was used to test the null 

hypothesis that the MAPEs of the three approaches were equal. They concluded that NN model, in this 

case, showed more accurate estimation results than the RA and SVM models. 

Cho et al. (2013) compared a regression model and a NN model to estimate the cost of elementary 

schools construction. The regression model was developed using the BET in SPSS and the cost data 

from 96 schools, of which 76 were used for model development and 20 for testing. NeuroSolutions 

(2012) by NeuroDimension was used to build the NN model. The accuracy of the models was tested 

by comparing the MAPE and the standard deviation (i.e., a measure of how widely values are 

dispersed from the average value) of the absolute errors. It was found that the error rate of the NN 

model was lower than that of the multiple regression model. 

As can be seen, the most common ways to develop estimation models include regression analysis, 

neural networks and case-based reasoning. These are further described below. 

2.2.1 Regression analysis methods 

Regression analysis (RA) is one of the most commonly used techniques in statistical modeling and has 

been used to make both direct (Bowen & Edwards, 1985; Khosrowshahi & Kaka, 1996; Kim et al., 

2004; Lowe et al., 2006) and indirect construction cost estimates based on CMQ estimates (Singh, 

1990-1991; Yeh, 1998; Bakhoum et al., 1998; Chou et al., 2006; Kim et al., 2009; Fragkakis et al., 

2011; Du & Bormann, 2014; Oh et al., 2013; Son et al., 2013). Equation (1) shows a generic linear 

regression model. 

 
1 1

m

o i i n j n j
i j

n

Y X X   
 

 

      (1) 

Where, 

Y :  output from the regression equation 

𝛽0 :  constant term (y-intercept) 

𝛽1 → 𝛽𝑛+𝑚 : unstandardized regression coefficients 

𝑋1 → 𝑋𝑛 : continuous independent variables (IVs) 

𝑋𝑛+1 → 𝑋𝑛+𝑚 : categorical IVs 

  :  error term 

                                                      

4 Support vector machine (SVM) is a classification and regression technique that maximizes the predictive 

accuracy of a model without over-fitting the training data. It is particularly suited to analyzing data with very 

large numbers of predictors (SPSS 2010). 
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The unstandardized coefficients of a regression model are obtained by minimizing the sum of squared 

errors (SSE) (also referred to as residual sum of squares (RSS) or sum of squared residuals (SSR)) 

(Equation (2)). They clearly show how the output is related to the input, so that for a given X (e.g., X1), 

if all the other Xs are fixed, then for each change of 1 unit in X1, Y would change β1 units. 

 
2

1


n

i

i

SSE error  (2) 

Where error is the residual or error of a regression model and can be written as Equation (3): 

 ˆ i ier yor yr  (3) 

Where, 

ŷi : estimated (i.e., target) y-value 

yi : actual value 

Assuming that the population error term has a constant variance, the variance of the error term is given 

by Equation (4). This is also known as the mean square error (MSE): 

 


SSE
MSE

df k
 (4) 

Where, 

k : number of IVs 

df : degrees of freedom (n-1), and n is the sample size 

The goodness of fit of a regression model can be determined from common checks such as the 

coefficient of determination (R2), analysis of the pattern of residuals and hypothesis testing. The 

statistical significance can be checked using an F-test of the overall fit, followed by a t-test of 

individual parameters (Triola, 2001; Field, 2009). 

When linear relationships exist between the dependent variable (DV) and the IVs then linear RA 

should be used. Otherwise attempts should be made to use nonlinear equations (Gerrard et al., 1994; 

Yeh, 1998) or transform the data to improve its behavior and taking advantage of nonlinear forms 

(Chou et al., 2006). The general function used to generate the regression models for the transformed 

dataset (taking the natural log of the dataset) has the following form (Equation (5)): 

    
1 1

ln ln
n m

o i i n j n j
i j

Y X X   
 

 

      (5) 

However, interpretation of the transformed models can be tricky. Since these models are for natural 

logarithmic data, and the desired DV is not represented by a natural logarithm, the developed models 

need to be transformed back by applying the power rule and using the exponential function4F

5. This back 

transformation takes into account the nonlinear relationships between the DV and IVs by using linear 

                                                      

5 When ey = x, then base e logarithm of x is ln(x) = loge(x) = y. Applying the power rule, β∙ln(x) = ln(xβ). The 

natural logarithm function ln(x) is the inverse function of the exponential function ex, so for x>0, eln(x) = x. 
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regression. The back-transformed equation (Equation (6)) is a particular type of nonlinear relationship, 

also known as a constant elasticity or multiplicative relationship (Albright et al., 2003). 
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In the constant elasticity (multiplicative) principle, the coefficients are interpreted as the percentage 

change in Y for a one percent change in X. This is derived as follows (Equation (7)): 

 Y X  (7) 

The estimated elasticity of Y with respect to X is defined as follows (Equation (8)): 

 
%

_ _
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ChangeY Y X
Elasticty of X

ChangeX X Y
 (8) 

Differentiating with respect to X we get (Equation (9)): 

 
1 




Y
X

X
 (9) 

Therefore, combining Equation (8) with Equation (9) we obtain Equation (10). 

 
1_ _    

  
 

X
Elasticty of X X

Y
 (10) 

Finally, combining Equation (10) with Equation (7) and simplifying the result we get (Equation (11)). 

 
1_ _ 


   

  
 

X
Elasticty of X X

X
 (11) 

So the elasticity of X is the exponent of X, β. Therefore, the elasticity is constant and not a function of 

the X/Y ratio. 

Therefore, in Equation (6), when X1 increases by 1% Y tends to increase by β1% (decrease if β1 is 

negative) regardless of the values of X1 or any other X. For example if Y=X0.7, the elasticity of X is 0.7 

so when X increases by 1%, Y increases approximately 0.7%, irrespective of the value of X. So if X 

increases from 6 to 6.06, Y will increase from 3.51 to 3.53 (an increase of 0.7% equal to the exponent 

of X (β%)). 

Models using this theory have already been applied for quantity-based preliminary cost estimates 

(Chou, 2005; Peng, 2006; Chou et al., 2006). 

The linear models using the transformed data are unbiased (i.e., the mean of the residuals is zero); 

however, a bias5F

6 is introduced to the back-transformed model in the arithmetic space (i.e., the mean of 

                                                      

6 The bias (mean of the residuals) in ordinary least squares (linear regression) minimizing the SSE should be 

zero. The model developed with the transformed data would provide that. However, when the model is 

transformed back, the mean of the residuals (bias) is no longer zero (Baskerville, 1972; Wood, 1986). A bias has 

been introduced in the back transformed model. That bias has to be corrected. 
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the residuals is no longer zero). The nature of this bias has been explored by several authors (e.g., 

Baskerville, 1972; Wood, 1986) and it is beyond the scope of this doctoral thesis. A correction factor 

addressing the transformation to address this bias must be added to the back transformed model. When 

the back transformation is based on natural logarithms and the errors are normally distributed, the 

correction factor (CF) is 𝑒𝑆𝐸𝐸
2/2, where e is the exponential constant and SEE is the standard error of 

the estimate (Sprugel, 1983; Smith, 1993). 

2.2.1.1 Simultaneous and stepwise regression 

The most common regression technique used is the simultaneous multiple regression technique, in 

which all the IVs are entered into the regression equation in a single step. In this technique, the set of 

IVs that make up the model is predefined. This is appropriate when a regression equation that includes 

all the IVs is desired so the interaction among them can be investigated (Gray & Kinnear, 2012). 

However, it has limitations as the number of IVs a model can support is related to the amount of data 

available (Khosrowshahi & Kaka, 1996; Field, 2009), or when there is not much knowledge about the 

impact of the variables to be considered. 

Stepwise techniques are regression analysis techniques which use an automated procedure to evaluate 

the IVs to be included or removed from a model using statistical constraints (SPSS, 2010). In these 

techniques, the way IVs are considered varies; yielding different regression models using the same set 

of variables (SPSS, 2010). These techniques have been criticized (Flom & Cassell, 2007) mostly 

because they are seen as an automated process in which analysts do not think the problem thoroughly; 

however, they are justified as a tool to help in the identification of representative IVs (Kim et al., 

2004; Chan et al., 2005; Abdul-Wahab et al., 2005; Lowe et al., 2006; Al-Alawi et al., 2008; Gray & 

Kinnear, 2012). Backward elimination and forward selection are stepwise regression techniques. Each 

technique includes an automated procedure to select the parameters to be removed or included from a 

model using statistical constraints. Preliminary studies (García de Soto et al., 2012; García de Soto et 

al., 2013) have shown that the backward elimination technique (BET) yielded models with more IVs 

than the those developed using the forward selection technique (FST). In addition those models also 

performed better (i.e., had lower errors). 

When the BET is used all the independent variables are initially entered into the model and they are 

provisionally removed one at a time in increasing order of their correlation with respect to the 

considered CMQ (i.e., same as the simultaneous technique). Once provisionally removed the new 

model is checked against the observations using the F-test and if the F-value is less than the defined 

value for acceptance, e.g., 0.10, the independent variable is permanently removed and if not, it is 

permanently kept. If it is kept then this model, without the addition of any more independent variables, 

becomes a candidate model. The procedure is stopped when there are no independent variables to be 

removed (SPSS, 2010). Refer to section 4.3.2.1 for additional information on BET. 

When the FST is used the independent variables are provisionally entered into the model one at a time 

in decreasing order of their correlation with respect to the considered CMQ. Once provisionally 

entered the new model is checked against the observations using the F-test and if the F-value is less 

than the defined value for acceptance, e.g., 0.05, the independent variable is permanently kept in the 

model and if not it is permanently removed. If it is kept then this model, without the addition of any 

more independent variables, becomes a candidate model which needs to be evaluated (i.e., compared) 

against other candidate models. The procedure is stopped when there are no more independent 

variables to enter (SPSS, 2010). Refer to section 4.3.2.2 for additional information on FST. 

There are software packages (e.g., such as SPSS, 2010; MATLAB, 2012; MSExcel, to name a few) 

that can be used for the development of models using RA. The regression models for this doctoral 
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thesis were developed using the backward elimination function in SPSS with a default probability of F 

(p-value) for removal set at 0.1. 

More information about regression models can be found in Fox (1997), Miles and Shevlin (2001), 

Wang and Jain (2003), among others. 

2.2.2 Artificial intelligence methods 

Artificial intelligence (AI) approaches are applicable to cost estimation problems related to expert-

systems, case-based reasoning (CBR), neural networks (NNs), genetic algorithms (GA) and variations 

of such. Much research has been carried out in exploring the applicability of AI methodologies in cost 

estimating, specifically NNs and CBR (Mohamed & Celik 1998; Yau & Yang 1998; Wilmot & Mei 

2005; Hegazy & Ayed, 1998; An et al., 2007), yet, their use by practitioners is limited. These AI 

approaches offer powerful abilities to estimate construction costs (Yeh, 1998; Sonmez, 2004; Kim et 

al., 2004; Kim et al., 2013; Cho et al., 2013). The concepts behind the two mostly used methodologies 

(NNs and CBR) are briefly explained in the following sections. 

2.2.2.1 Neural networks 

The use of NN models in cost estimation was driven by the difficulty of determining the shape of the 

function in any parametric estimation using RA, in particular complex non-linear ones. NN models 

eliminate the need to define that function (Kim et al., 2004) and they are a good tool for the 

development of non-linear systems (Yeh, 1998, Bode, 1998). A NN model is constructed by creating 

connections between processing elements. The organization of the network, its activation function, and 

the weights of the connections in the network determine the output of the NN model. 

The most common NN models are fully connected feed-forward network with three layers (one hidden 

layer) and back-propagation supervised learning algorithm. A typical single layer NN model contains 

an input layer consisting of p number of input variables plus a bias, a hidden layer consisting of m 

number of neurons plus a bias, and an output layer with the desired output (Figure 5). The neurons in 

the hidden and output layers are also referred to as processing neurons or processing elements. 

 

Figure 5: Typical NN configuration 

The bias neurons (e.g., Bias 1 and Bias 2 in Figure 5) are added to facilitate modeling and they always 

have an input value of 1. While changes in the weights of non-biased neurons cause changes in the 

steepness of the activation function (Figure 6 left), the changes in the weight of biased-neurons allow 
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the horizontal shiftiness of the activation function (Figure 6 right). In Figure 6, w1, w2 and w3 are the 

weights between the input (I) and the processing neurons, and B1, B2 and B3 are the weights between 

the bias and the processing neurons. This horizontal shift from the origin to match the connections to 

the neurons is something critical for successful learning (Hegazy et al., 1994). 

   

Figure 6: Graphical representation of function behavior without bias (left) and with bias (right) 

The simpler way to develop a NN model is empirically. Its many components (e.g., type of input 

variables, numbers of hidden layers, number of neurons in the hidden layer(s), and different activation 

functions) can be modified hence affecting its performance. Through this trial and error process, the 

NN model with the lowest generalization error is defined (i.e., using the testing set). This process can 

be done manually or automatically. Typically, NN models are developed as presented in the following 

sections. 

2.2.2.1.1 Input and output layers 

The size of the input layer is determined from the IVs from the selected regression model. The output 

layer contains one neuron, that of the CMQ being estimated. The input layer is normalized by scaling 

it to match the range of the activation function (section 2.2.2.1.3), hence the result of the output layer 

is scaled back. Equation (12) shows the general equation to normalize the data by scaling it to a given 

range. 
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 (12) 

Where, 

Norm(x) : normalized value of x (scaled between lower and upper bounds) 

ScaleLB : lower bound of the scaling range 

ScaleHB : upper bound of the scaling range 

x :  value to be normalized by scaling it to a selected range 

Xmin :   minimum value for variable X 

Xmax :   maximum value for variable X 

 

In the case the scaling is made between the -1 to 1 range, Equation (12) can be simplified as follows 

(Equation (13)). 
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2.2.2.1.2 Number of hidden layers and processing neurons 

The hidden layer consists of neurons, also referred to as processing neurons, which perform 

summation and activation6F

7. One hidden layer is typically sufficient. NN models with one hidden layer 

provide reliable mapping between the input and the output provided that sufficient connections are 

available (Owusu-Ababio, 1998; Hegazy & Ayed, 1998; Hegazy et al., 1994). NN models with two 

hidden layers or more are more prone to fall into local minima, and their estimating capabilities have 

been shown to be similar to NN models with one hidden layer (De Villiers & Barnard, 1993).  

As stated by Kaastra and Boyd (1996) “there is no ‘magic’ formula for selecting the optimum number 

of hidden neurons.” Different empirical rules have been suggested (Hegazy et al., 1994) to determine 

the initial number of neurons in the hidden layer. The final number of neurons is then determined by 

increasing and decreasing it until the minimum error is found for the testing set (Figure 7) (section 

2.2.2.1.4). 

 

Figure 7: Determination of the number of neurons in the hidden layer (adapted from Bishop 1994 and Jafar et al., 2010) 

2.2.2.1.3 Activation function 

The behavior of the neurons, hence the weights of the NN model, is determined by the activation 

function. Since the weights are adjusted during the training of the network using partial derivatives of 

the errors with respect to the weights (section 2.2.2.1.4) the activation functions should be 

differentiable at all points (Bishop, 1994). Sigmoid-curve type functions are differentiable at all points 

and are adequate for the development of NN models. The hyperbolic tangent function (tanh), as shown 

in Equation (14), has been shown to perform better than other sigmoid functions (e.g., logistic) 

(Hegazy & Ayed, 1998; Karlik & Olgac, 2011). It has also been proven beneficial for the learning of 

the NN model to normalize the input by scaling it to match the range of the activation function 

                                                      

7 The products between the inputs are the weights are added up (i.e., summation) and then the activation function 

is applied (i.e., activation). See Equation (15) and Equation (16). 
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(Hegazy et al., 1994). The output of the hyperbolic tangent function lies in the range -1 to +1 (Figure 

8); hence the input of the model needs to be normalized accordingly (section 2.2.2.1.1). 

 tanh









x x

x x

e e
x

e e
 (14) 

 

 

Figure 8: Graphical representation of the hyperbolic tangent (tanh) function 

2.2.2.1.4 Training of the NN model and determination of weights 

For the training of the NN model the data is typically divided into a training set and a testing set. Most 

of the data is used for training and the rest for testing the model. This helps to avoid over-fitting and to 

make generalization possible (Bishop, 1994-1995). A data split of 80%:20% is typically recommended 

for training and testing the NN model (Hegazy & Ayed, 1998). This data split allows for a good 

balance between the data used for training (i.e., developing) the models and the one used for testing 

them (i.e., validating) them. 

The output of the neurons is forwarded to the next layer until the final output is calculated. The 

weights obtaining after training the network are recorded in two weight matrices, one between the 

input and the hidden layer (WA) and one between the hidden layer and the output layer (WB). 

Following that process, the value of each processing neuron is calculated from the combination of the 

input and the connection weights (Equation (15)). 
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Where, 

p : number of input parameters 

ϕ : activation function 

Hj : output of neuron j from input to hidden layer (for j=1 to the number of neurons m in the 

hidden layer) 

Ii : scaled input i (for i = 1 to p) 

Wij : weight of neuron j corresponding to input i (for j=1 to the number of neurons m in the hidden 

layer) 

B1j : weight of input bias of neuron j 

The value of each processing neuron is feed forward, becoming the input of the neuron in the output 

layer. The output of the NN model is calculated as shown in Equation (16). The output of the NN (O) 
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is then scaled back (OT) (Equation (17)) to determine the estimated value. Figure 9 shows the process 

between the input/hidden/output layers. 

 2
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( ) 1.0
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j j
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O H W B  (16) 

Where, 

O : scaled output of NN  

m : number of neurons in the hidden layer 

Hj : output of neuron j from input to hidden layer (for j=1 to the number of neurons m in the 

hidden layer) 

Wj : weight of neuron j (for j=1 to the number of neurons m in the hidden layer) 

B2 : weight of output bias 
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Where, 

OT : scaled-back output of NN (using -1 to 1 scale) 

 

 

Figure 9: Graphical representation of the NN based on the selected regression model. 

2.2.2.1.4.1 Learning algorithm - gradient descent learning rule (Delta Rule) 

The weights are adjusted during the training of the network by minimizing the error (i.e., objective 

function) (Equation (18)) between the output of the network and the actual values of the training set 

(i.e., supervised learning) using the information sent through the network (i.e., feed-forward) for each 

processing neuron (summation of input times the weights, χj) and calculating the partial derivatives of 

the error with respect to the weights (gradient descent learning rule). For a processing neuron j in the 

hidden layer with an activation function ϕ, the gradient descent learning rule for the j’s ith weight (Wij) 

is determined using Equation (19). 
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Where, 

η : learning rate (0< η <1) 

δj : propagated error signal for neuron j 

ϕ’ : derivative of the activation function 

Ii : input i of neuron j 

The derivation of the delta rule has been shown by several researchers (e.g., Rumelhart et al., 1985; 

Moselhi et al., 1991; Bishop, 1994; Hegazy et al., 1994; Rojas 1996). A similar approach is made for 

weights adjustments between the hidden and the output layers. See Appendix A for more information 

about the back-propagation algorithm. 

One of the disadvantages of using NN models is that they do not directly show how each IV is related 

to the DV. It is, however, possible to use statistical software tools, such as SPSS or NeuroSolutions, to 

perform sensitivity analyses to extract the cause and effect relationships between the inputs and 

outputs of the network thereby determining the effect that each of the inputs has each of the outputs 

(Koo et al., 2010). Other researchers (Olden & Jackson, 2002; Olden et al., 2004; Paliwal & Kumar, 

2011) use other methods (e.g., connection weight approach, Garson’s algorithm) to assess the 

importance of the connection weights and the contribution of the input variables to the output of the 

NN. Another disadvantage is that NN models are perceived as black-boxes (Kim et al., 2004); 

something that reduces the confidence in the results when compared to more traditional model types. 

There are, however, transparent ways to develop NN models, such as the one proposed by Hegazy et 

al. (1994), Hegazy and Ayed (1998), and Olden and Jackson (2002). 

There is software (e.g., SPSS, 2010; NeuroSolutions, 2012; Matlab, 2012, to name a few) specialized 

for developing NN models. They allow certain flexibility and control by allowing the user to select 

among the different parameters that affect the network’s performance (i.e., type of activation function, 

number of neurons in the hidden layer, type of objective function). Also, NN models can be done 

using the Generalized Reduced Gradient (GRG) nonlinear optimization to determine network weights 

using the Solver7F

8 add-in in MS Excel as explained by Hegazy and Ayed (1998). However, the 

simulation using the spreadsheet has limitations regarding the number of data points than can be used 

to generate the NN. For example, Solver, without special add-ins, is limited to 200 variable cells and 

100 constraints, therefore, when more than 100 cases are used, the problem is too large for Solver to 

handle and other software should be used to determine the weights of the NN. To avoid the data 

limitation of the Solver function, while giving control of the network functionality, the NN models for 

this doctoral thesis were created following the indications in section 3.2.3.2 and using the manual 

configuration in SPSS. 

More information on NN models can be found in Bishop (1994-1995), Rojas (1996), among others. 

                                                      

8 Solver is part of a suite of commands, sometimes called what-if analysis tools, in MS Excel. Solver uses a 

variety of methods, from linear programming and nonlinear optimization to genetic and evolutionary algorithms, 

to find solutions. 



Chapter 2 Literature review and background 

20 of 215 

2.2.2.2 Case-Based Reasoning (CBR) 

Case-based reasoning (CBR) is an alternative to an expert-system, which is based on rule-based 

reasoning. CBR provides the solution for a target (i.e., new) problem by identifying the similarities of 

the target problem to a known problem and adopting solutions that were used to solve the previous 

problems (Riesbeck & Schank, 1989; Aamodt & Plaza, 1994). The logic (i.e., reasoning) of CBR may 

be based on experience (Kolodner, 1992). The CBR is a cyclic process in which the retrieve, reuse, 

revise and retain phases are implemented (Figure 10). 

 

Figure 10: Typical steps of a CBR-cycle: Retrieve-Reuse-Revise-Retain (adapted from Aamodt & Plaza, 1994). 

2.2.2.2.1 Similarity 

The first phase in CBR is the retrieval of a similar problem. This requires identifying the key attributes 

and the values of the key attributes of the target problem, and matching the values of these key 

attributes with the existing (i.e., stored) ones. It is important to acknowledge that this represents the 

main limitation of CBR since only identified attributes are used (Riesbeck & Schank, 1989; Aamodt & 

Plaza, 1994). There are different techniques used to retrieve cases (nearest neighbor, induction, 

knowledge based induction, template retrieval) (Watson & Marir, 1994) but the most common is the 

nearest neighbor (Watson, 1998). To determine matching cases different similarity functions have 

been used (Núñez et al., 2004; Ji et al., 2011), all using the determination of the distance between the 

target and existing cases. The calculation of the distance using the nearest-neighbors retrieval 

technique uses a form of the power or Minkowski distance (Equation (20)), in which the user defined 

variables, p and m, can be modified to achieve the desired distance function. For example when p = m 

= l, the distances will be calculated in accordance with the City-block distance; when p = m = 2, the 

distances will be calculated in accordance with the Euclidean distance (Núñez et al., 2004). The 

Euclidean distance is by far the most common one (Wilson & Martinez, 1997; Ji et al., 2011). 
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xji : scaled value of the ith parameter for the target case (Xj) 

n : number of parameters, from i = 1 to n 

p : user-defined variable related to the importance of the differences of individual parameters 

m : user-defined variable related to the importance of large differences between the cases being 

compared 

 

One should be aware that when using this kind of distance calculations if one of the parameters have 

different ranges, ones being larger than others, then the parameters with the large ranges can 

overpower the ones with smaller ranges. For example, if two parameters, χ and ψ were used to 

determine the Euclidean distance, and χ can have values from 1 to 1,000, while ψ can have values 

from 1 to 10, then the effect of ψ on the distance function will be shadowed by χ. To avoid this 

problem, the parameters used to calculate distances should be normalized (Wilson & Martinez, 1997; 

López, 2013). One way to do this normalization is to scale the parameters between 0 and 1 (using 

Equation (12)). This scaling is also convenient because it defines the maximum value for the similarity 

and a minimum value for the distance. It allows assessing the similarity between the existing and 

target structures and facilitates the comparison among existing structures. Using the 0-1 range, the 

basic concepts of bounded ranges, reflexivity, and symmetry (Burkhard & Richter, 2001; López, 

2013), summarized below, are met. 

1. Bounded ranges: Sim(x,y)≤1 → Dist(x,y)≥0 (non-negativity) 

2. Reflexivity: for x=y, when Sim(x,y) = 1 → Dist(x,y)=0, and vice-versa 

3. Symmetry: Sim(x,y)=Sim(y,x) → Dist(x,y)=Dist(y,x) 

To account for the relative importance of each parameter the distances are weighted based on the 

relative importance of the different parameters (Watson, 1998) (Equation (21)). For example, in the 

determination of CMQi, variable χ may be more important than variable ψ. Therefore, when 

determining the similarity between the target and the existing structures, more importance should be 

given to variable χ than variable ψ. Weights (i.e., the importance of each parameter) can be determined 

using different sources. The most common type of weights used are the regression coefficients, the 

influence (through the connection weights) of the input of a NN model, equal importance (i.e., feature 

counting), or simply based on expert opinion (e.g., using the analytical hierarchy process) (An et al., 

2007; Koo et al., 2010; Jin et al., 2012; Kim, 2013; Kim & Shim, 2013; Choi et al., 2013). 
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Where, 

wi : weight corresponding to the ith parameter 

Applying the 0 to 1 bounded ranges (i.e., Sim(x,y)≤1 → Dist(x,y)≥0) and to satisfy the reflexivity 

principle (for x=y, when Sim(x,y) = 1 → Dist(x,y)=0)) and accommodate the scaling between 0 and 1 

of the parameters (i.e., continuous IVs from the regression model), the weights should be adjusted so 

that the sum of the adjusted weights equal to one (i.e., ∑wi-adj = 1); hence keeping the required scale 

when determining the similarity (López, 2013; Ji et al., 2011) (Equation (22)). 
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Where, 

wi : weight corresponding to the ith parameter 

wi-adj : adjusted weight corresponding to the ith parameter (

1

 





i
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i

i

w

w

) 

The weighted distance is used in the similarity function (Equation (23)) during the retrieval process. 

 ( , ) 1 ( , ) o j o j adjSim X X Dist X X  (23) 

2.2.2.2.2 Retrieval 

Once the similarities between the target and existing cases have been calculated, one has to decide 

which existing cases to use. To do that, a similarity threshold is typically used. One can think of the 

similarity threshold as a filter. It defines the minimum matching requirement for selecting existing 

cases to be used as basis for the estimates of the target case. For example, if the similarity threshold is 

set to 100%, then only the existing cases with the same values for all the parameters of those of the 

target case will be considered “similar”. If the similarity threshold is set to 50%, then only the existing 

cases with a similarity greater or equal to 50% will be considered “similar”. For example, Arditi and 

Tokdemir (1999) chose a similarity threshold of 75% to predict the outcome of construction litigation. 

Ozorhon et al. (2006) assumed a 70% similarity threshold as sufficient for the final prediction of an 

international market situation. Ji et al. (2012) used an 80% similarity threshold to retrieve existing 

cases to be used in the construction cost estimation of military and public projects in Korea. García de 

Soto et al. (2013) suggested a similarity threshold of 80% to ensure that the selected existing structures 

had CMQ-relevant parameters similar to those of the target structure. However, in those studies no 

specific information was given about how the similarity threshold value was determined. Other 

researchers did not use a similarity threshold at all and just used the case (or a number of cases) with 

the highest similarity with the target case (An et al., 2007; Koo et al., 2010; Jin et al., 2014). 

2.2.2.2.3 Adaptation 

Once the similar case(s) are identified, a preliminary solution is proposed. This generally involves 

selecting the solution from the selected existing case, or a part of it, as the initial solution to the target 

one. To take into consideration the differences between the target and existing cases, the initial 

solution is modified or adapted. Although in many CBR applications adaptation is not implemented 

(An et al., 2007; Koo et al., 2010; Kim, 2013; Kim & Shim, 2013; Choi et al., 2013), it is beneficial 

because during this process the variations between the target and existing cases are identified and 

changes are made to the proposed solution to adapt it to account for the actual characteristics of the 

target case (Kolodner, 1992). When implemented, some researchers used regression models to make 

the adaptations (Patterson et al., 2002; Jin et al., 2012; Jin et al., 2014). Finally, the adjusted proposed 

solution should be justified and criticized against the other similar problems through a peer review 

(Kolodner, 1992; Aamodt & Plaza, 1994). The proposed solution may be further adjusted based on the 

criticism from that review. The proposed solution is used and eventually evaluated against the real 

solution (i.e., after the project is finished). If the results from the proposed solution match the real 

solution, then the solution is confirmed and further analysis or adjustments are not necessary. However 

if the results are not satisfactory, further adaptation, justification and criticism should be done until a 

satisfactory result is obtained. When satisfactory result is obtained, the confirmed solution may be 

stored for future use. 
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In summary, CBR allows the estimator to propose a solution quickly by utilizing the existing data, 

thus avoiding the time necessary to derive those solutions from scratch. CBR also avoids the need to 

define a function, thus allows the estimator to propose a solution even if the effects of different 

variables are not properly understood. With the updating of new solutions, CBR possess the ability to 

avoid current mistakes proceeding to the future estimates. However, it is also important to note that for 

CBR to be applicable, it is necessary that similar existing solutions are available. In addition, proper 

identification of the key parameters, proper matching and adaptation process, as well as proper 

evaluation and storage of existing cases, are necessary elements to achieve accurate results. 

More information on CBR models can be found in Riesbeck & Schank (1989), Kolodner (1992), 

Aamodt & Plaza (1994), Watson & Marir (1994), and Watson (1998), among others. 

2.3 Assessment of model performance and selection 

The intent of this section is to go over the different metrics that are used when choosing a model from 

a set of models and not just as a metric to measure its performance (i.e., accuracy of a model). As 

indicated in the previous section (2.2), estimation models can be developed using different techniques. 

To assess which models perform better, and therefore select the best performing one for future 

estimates, different metrics are used. However, not all metrics are suitable for model selection. Before 

going over the most common ones, the concept of “model performance”, a very general term, is 

related in this doctoral thesis as the accuracy of the model, hence, the error between the estimated and 

the actual quantities. 

When choosing a model from a set of models, there are many types of metrics that can be used, and 

there is not a single one that provides and unambiguous indicator for model accuracy (Armstrong, 

1985). In the literature reviewed several metrics are used (e.g., MAPE, RMSE, MSE, R2), and in all 

research it was found that more than one metric was employed, the MAPE being the most common 

one, used in all the studies reviewed. These metrics are briefly covered in more detail in the following 

sections. Unless otherwise indicated, the notation used in the equations below is the following: 

ŷi : estimated (i.e., target) y-value (for cases i to n) 

yi : actual value (for cases i to n) 

n : sample size 

k : number of IVs 

2.3.1 MAPE 

The mean absolute percentage error (MAPE) (Equation (24)) is based on percentage errors. It is the 

most common metric used to assess the performance of a single model; however, despite its popularity 

some researchers (Armstrong & Collopy, 1992; Makridakis, 1993; Foss et al., 2003) have pointed out 

some flaws about MAPE and indicated that it is a bias metric as it puts a heavier penalty on equal 

errors when the estimate is greater than the actual 8F

9, hence favoring low estimates and not appropriate 

when used to choose a model from a set of models. 
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9 For example when ŷi is 50 and yi is 25, then MAPE is 100%; however, when ŷi is 25 and yi is 50, then MAPE is 

50%; hence, for the same absolute error difference (e.g., 25), underestimated values have a lower MAPE. 
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To correct for this, a modified MAPE, also referred to as adjusted or symmetric MAPE, was proposed 

(Armstrong, 1985) in which the difference between the actual and estimated amount are divided by the 

average of the actual and the estimated amount; however, for large errors (over +/- 50%) this 

correction makes the modified MAPE asymmetric (Goodwin & Lawton, 1999) treating large positive 

and negative errors very differently, so when large errors are expected they recommended against 

using it. A study by Foss et al. (2003) showed that using MAPE for choosing between two models, 

one would select the worst model. They found that the MAPE of the true model was higher (i.e., 

worst) than the MAPE of a model that consistently underestimated, yielding the selection of models 

that underestimate over the true model. It is therefore recommended not to use MAPE when choosing 

a model from a set for models (Goodwin & Lawton, 1999; Foss et al., 2003). 

2.3.1.1 ANOVA 

Some researches (Kim et al., 2004; Kim et al., 2013) have used an analysis of variance (ANOVA) to 

test the null hypothesis that the MAPEs of the different models are the same (H0: μ1= μ2=…= μn) (i.e., 

there is not a statistically significant difference among the MAPEs of the different models being 

compared). 

2.3.2 MSE and RMSE 

The mean square error (MSE) (Equation (2) and Equation (4) combined into Equation (25)) and the 

root mean square error (RMSE) (Equation (26)) are scale-dependent metrics. The MSE was the 

preferred metric for comparing estimation models for a long time because of its computational 

convenience and theoretical relevance to statistics (Armstrong, 1985). 

 
 

2
ˆ 




 i iy y
MSE

df k
 (25) 

 RMSE MSE  (26) 

In general, the RMSE is preferred to the MSE as it is on the same scale as the data (Hyndman & 

Koehler, 2006). The RMSE is also known as the standard error of the estimate (SEE) and typically 

calculated by most statistical packages when used to perform a simple regression analysis. However, 

empirical research (Armstrong & Collopy, 1992) has shown that the MSE and RMSE are unreliable, 

give more weight to larger errors than smaller errors, and are very sensitive to outliers, hence 

inappropriate for the evaluation of estimate accuracy (Armstrong & Collopy 1992; Collopy & 

Armstrong 2000). 

2.3.3 R2 (and adjusted R2) 

The coefficient of determination (R2) (Equation (27)) is a metric that indicates how well the regression 

equation fits the sample data. It is a very useful metric in regression analysis but has not quite found its 

place in estimation (Makridakis & Hibon, 1995). 

R2 is not a good metric to use for evaluating models because its value increases as more variables are 

included in the model. This means that the largest R2 is simply obtained by including all IVs in the 

model even though this is not necessarily the model that yields the most accurate estimates 

(Armstrong, 1985; Triola, 2001). 
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Where, 

∑ (yi – y )2 : total variation or total sum of squares 

y  :  mean of the actual values 

 

In the case R2-related metrics were to be used, the adjusted R2 (Adj R2) would be preferred. The Adj 

R2 penalizes a model based on the number of IVs used and the sample size (Field, 2009).  The Adj R2 

can be calculated in different ways. For example, the modified Wherry’s formula (as cited in 

Armstrong, 1985), used in many standard software packages (e.g., Data Analysis in MS Excel, SPSS, 

R), is considered adequate to develop population expectations (Leach & Henson, 2007). However, the 

Lord’s formula (Lord, 1950; Yin & Fan, 2001) (Equation (28)) should be used if estimation accuracy 

for future estimates (i.e., generalization) is the main interest (Armstrong 1985; Leach & Henson 2007). 
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2.3.4 AIC (and AICc) 

Although an information criterion (Akaike, 1974) (commonly referred to as “Akaike Information 

Criterion”) (AIC) was not used in any of the studies investigated, it has been used for model selection 

by several researches (Myung & Pitt, 1997; Blair et al., 1993; Posada & Buckley, 2004; Wagenmakers 

& Farrell, 2004; Panchal et al., 2010; Burnham et al., 2011; Castle et al., 2013; Jafarzadeh et al., 2014) 

in other fields (e.g., environmental science and ecology, economics, phycology, engineering). This 

metric can be used to overcome the disadvantages of the most common metrics addressed in the 

previous sections (2.3.1-2.3.3). AIC allows determining which of the developed models is likely to be 

the correct one and quantify how much more likely (Motulsky & Christopoulos, 2003). 

The comparison of models using this metric is based on information theory 9F

10 (Motulsky & 

Christopoulos, 2003; Burnham et al., 2011). It is not based on hypothesis testing (hence it does not 

reject any model) and should not be used to check the statistical significance of a model but rather to 

determine its relative probability (Motulsky & Christopoulos, 2003). AIC is a measure of the amount 

of information lost when using a model as opposed to reality (Burnham et al., 2011). AIC can then be 

used to evaluate models and select the one with the lowest AIC value. The model with the lowest AIC 

value is probably the one with the lowest information loss; hence the one more likely to be the most 

accurate model from a set of models (Motulsky & Christopoulos, 2003). 

AIC can be determined using the sum of squared errors (Equation (29)) (Burnham & Anderson, 2002; 

Burnham et al., 2011). Although a second order correction (AICc) (Equation (30)) (Sugiura, 1978; 

Hurvich & Tsai, 1989) should be used with small samples, (i.e., when the ratio of the sample size to 

the maximum K in a set is less than 40) it is recommended to always use it, since as the sample size 

increases, AICc ≈ AIC (Burnham & Anderson, 2002). 

                                                      

10 A theory that deals statistically with information, with the measurement of its content in terms of its 

distinguishing essential characteristics or by the number of alternatives from which it makes a choice possible, 

and with the efficiency of processes of communication between humans and machines (information theory. 

2014. In Merriam-Webster.com. Retrieved February 6, 2011, from merriam-webster.com/dictionary/information 

theory) 
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Where, 

K : number of estimated parameters in the model 10F

11 

 

The value of the AICc of a given model by itself has no meaning. It becomes interesting when it is 

compared to the AICc of a series of models (Mazerolle, 2004). However its interpretation might not be 

straightforward. To assist with that, the AICc can be used to determine the probability that the selected 

model is more likely to be the model with the least amount of information loss. The difference in AICc 

(ΔAICc) is used to indicate how more likely that is. The probability (P) that the model with the lowest 

AICc is the model with the lowest information loss can be determined using Equation (31) (Motulsky 

& Christopoulos, 2003). 
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When comparing two models using Equation (31), for example model A and model B, being model A 

the one with the lower AICc, (ΔAICc =AICc B - AICc A), there is an x% probability that model B is the 

better model, and a (100-x)% probability that model A is the better model; in other words, model A is 

(100-x)/x times more likely to be the model that loses the least amount of information; hence the 

preferred model. 

  

                                                      

11 It varies depending on the model in which it is used. E.g., for regression models K = number of IVs plus 2 

(constant and error term); for NN models K = total number of weights (when comparing among different NN 

models) or the number of inputs plus the bias neuron (when comparing to regression models). 
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2.4 Quantity-based estimates 

In the conceptual phase of a project it is beneficial to have accurate estimates of the cost of a project. 

One way to make preliminary estimates is to determine the amount of CMQs to be used in the project 

(Singh, 1990-1991; Yeh, 1998; Bakhoum et al., 1998; Chou, 2005; Peng, 2006; Chou et al., 2006; Kim 

et al., 2009; Fragkakis et al., 2011; Du & Bormann, 2014; Oh et al., 2013; Son et al., 2013) and then to 

multiply these estimates by the unit costs which typically include fabrication and delivery, erection, 

installation, insurance, site indirect costs, supervision, and overhead and profit. In practice CMQ-based 

estimates are beneficial, not only to sophisticated owners who want to have more control on their 

projects during the conception, bidding, and construction phases, but also to contractors preparing 

reliable and competitive bids. 

One advantage of making estimates in this way, as compared to estimating cost directly, is that they 

allow the creation of preliminary estimates that break down item quantity and cost, permitting 

estimators to use the most current unit cost. This also allows managers to make better decisions and 

keep a better track of the project (Yu, 2006, Chou et al., 2006) by controlling the changes in cost and 

quantities separately. They also have some disadvantages. A major drawback about CMQ-based 

estimates is that they are very demanding and time consuming. A model has to be developed and 

tested for every structure and its corresponding CMQs. Another reason might be attributed to the 

paucity of information available regarding the actual materials used in construction, derived, in part, 

by the lack of detailed project documentation or transparency, depending on the project delivery 

method employed. Also some managers and direct stakeholders are too concerned with the bottom 

line. 

During the early stages of a project, CMQs are not typically estimated and when they are, estimators 

generally do that by finding existing structures that are similar to the structures to be constructed, and 

adjusting the CMQs used in the former to determine the CMQs to be used in the latter. The 

adjustments are done based on the differences in the values of key parameters, e.g., height, taking into 

consideration the experience of the estimator. The required adjustments become tedious due to the 

many possible values of key parameters, all of which can have a significant effect on the design of a 

structure, hence the amount of CMQs required. In addition, finding suitable structures on which a 

good estimate can be based is a difficult task because it does not exist, or because those that have the 

data would not make it accessible. The former can happen, for example, when not enough structures of 

one type have been constructed or when enough structures of one type have been constructed but not 

enough data has been collected. The latter can happen in highly competitive industries. 

Singh and Murthy (1980, 1981) used RA to establish the statistical relationships between the different 

CMQs used in the different structural components (e.g., main beam, secondary beam, secondary beam 

over column) and the number of stories of construction. 

Singh (1986), used the results of 450 statistical relationships to develop a computer program to 

estimate the CMQs required for the construction of multiple elements types (namely solid slab, beams, 

columns, shear walls), the CMQs in the total structure and their costs. He also developed a computer-

based cost model to estimate the cost of reinforced concrete beam and slab construction in high-rise 

commercial buildings (Singh 1990) and the cost estimation of pre-stressed concrete beam and rein-

forced concrete slab construction in high-rise commercial buildings (Singh 1991). The effect of 

including different design variables, (e.g., grades of concrete, grid locations, number of stories, 

different structural schemes, grid sizes, section of beams) on the estimated CMQs and costs were 

evaluated. Completed projects were used to compare the actual quantities with the ones obtained using 

the computer model. The comparison indicated that actual quantities used in different projects were 

always more than those calculated by the computer model. The difference varied from project to 
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project, with an overall range of 5-17%. The computer model was calibrated to compensate for that 

difference. He compared the results with some local projects and concluded that the computer-based 

cost model provided practical value to the industry as it could give the desired information quickly and 

accurately. 

Yeh (1998) developed a logarithm-neuron network (LNN) model to estimate the required CMQs for 

steel and reinforced concrete (RC) buildings, using data from 400 buildings (300 for training and 100 

for testing), and compared the performance (using the absolute percent error and the root of mean 

square of error) of the model with that of models developed using a standard NN, linear regression, 

and nonlinear regression. He concluded that use of logarithm neurons improved the network and their 

performance in the estimation of CMQs for buildings. 

Bakhoum et al. (1998) did a study regarding the estimation of quantities of concrete, reinforcement 

and pre-stressing required in pre-stressed concrete bridges over the Nile River in Egypt. Then, a unit 

price could be assigned to the estimated materials to determine the cost of those structures. A 

preliminary quantities estimate for concrete approaches and navigable spans was conducted based 

historical data and data of bridges being built during the time of the study, 10 bridges were used for 

that analysis. A total of 6 variables were finally considered as the ones having the most influence on 

navigable spans superstructure during the preliminary design. In addition, using the BrainMaker 

simulator by California Scientific Software, Inc., NN models were developed using 5 input variables 

and data from 22 bridges to train and test the NN. Although the study does not provide information 

about the results from the models or their performance, the authors recognize the benefits of quantities 

estimates to contractors and owner, depending on the contract type. 

Chou (2005) and Peng (2006) used quantity-based preliminary cost estimates in order to assist with 

the improvement of the cost predictions for the Texas Department of Transportation (TxDOT). Chou 

et al. (2006) investigated the potential to separate quantity uncertainty from price uncertainty in 

making cost estimates. Using data from 2,222 projects from the TxDOT they developed a preliminary 

cost estimating system based on predicting item quantities from preliminary project information. Their 

system included parametric multiplicative relationship models to estimate the quantities of different 

work categories from a typical work item breakdown structures for TxDOT highway projects. They 

found that 68 work items made up 80% of total construction cost. As an example they addressed the 

following work categories: earthwork and landscape, subgrade treatments and base, structures, 

miscellaneous construction, and lighting, signing, markings, and signals. The work items associated 

with those work categories were excavation (cubic yards, cy), flexible base (cy), concrete box culverts 

and storm drains (linear feet, lf), Portable concrete traffic barrier (lf), and work zone pavement 

markings (lf) respectively. In addition to providing cost estimates, the system made it possible to track 

the effects of changes during project development in much more detail than with the earlier practice of 

applying a gross cost-per-lane-mile. 30 projects (14 bridge replacements and 16 widen work on non-

freeway sections) were used to validate the proposed cost estimating system. The results showed that 

the selected quantity models performed well for the new highway projects examined, with individual 

prediction error ranging from −26.0% to +27.3% and  an average prediction error ranging from 

−10.8% to +10.1%. Results for the 16 widen work on non-freeway sections were not reported. 

Kim et al. (2009) developed a cost estimation model for prestressed concrete (PSC) beam bridges 

based on standard work quantities. The model was based on data from 72 PSC beam bridges from 25 

road construction projects designed since 2000 in Korea. They identified representative work items 

(e.g., manufacturing PSC beam, , rebar fabrication/placing, sup-porting post/scaffolding, form work, 

slab waterproofing, concrete placing, and deck finishing) which accounted for 99.24% of the total 
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cost. The model was validated using data from 39 construction projects that were not used for model 

development and the results showed errors of less than 5%. 

Fragkakis et al. (2011), as part of his study to develop a conceptual cost-estimate model for bridge 

foundations, developed prediction models for the material quantities of different types of foundations 

using data from a 680-km-long modern motorway in Greece. The selected section included 646 

concrete bridges. The proposed conceptual cost-estimating methodology provided results useful in the 

early stages of a project.  

Du and Bormann (2014) used CBR (CBR) to help determine the CMQs required in power plant 

construction projects using 12 parameters as explanatory factors affecting the quantities of 20 crafts 

(e.g., volume of concrete pouring, finishing and curing; weight of major structural steel erected on site; 

total steel weight; volume of concrete reinforcing; total length of main cables) from 47 projects. They 

found that the estimates made using CBR were better than those using NN models.  

Son et al. (2013) developed a quantity based estimating method (Q-BASE) using cost data and the 

architectural construction drawings of 22 mixed-use residential buildings in Korea. Their study 

focused on estimating of building construction projects from the contractor’s perspective during the 

preliminary design phase (they refer to this kind of estimate as schematic estimate). They divided the 

structures into 4 components (i.e., foundation, basement, ground floor, and upper floor). They used the 

wall to floor ratio as the independent variable (IV) to estimate the quantity of ready-mixed-concrete, 

rebar and formwork. Given the unit cost price of these materials, the estimated quantities were used to 

estimate the construction cost by analyzing past performance data. Using to cases (Project Case A and 

Project Case B) for which actual construction cost per unit area was available, they compared the 

results of the proposed models with other models developed using RA and NN. When comparing the 

accuracy (% error) of the quantity based estimating method with the traditional methods tested in their 

study (RA and NN), the quantity based estimating showed a better performance. 

Oh et al. (2013) furthered the work by Kim et al. (2009) by developing models to make costs estimates 

based on the standard quantities of major work items for the substructure of steel box girder bridges. 

The superstructure and additional items were excluded from the study. They used data from 52 steel 

box girder bridges in Korea, of which 42 were used for model development and 10 for model 

validation. The variables included in the final model were the overall height of the bridge abutment, 

the number of piers, the overall height of the piers, the types and numbers of bridge bearings, the 

number of locations where steel pipe piles were used, and the length of the steel pipe piles. The 

validation indicated that the model was acceptable with an estimation error of less than 6%. 
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2.5 Hybrid Models 

“In combining the results of two methods, one can obtain a result 

whose probability law of error will be more rapidly decreasing.” 

(Laplace, 1818; as quoted by Clemen, 1989) 

The concept of combining estimates to improve the estimation has been around for a long time. Crane 

and Crotty (1967) suggested combining estimates (or forecasts as they referred to them) through 

regression. However, it was the work of Reid (1968) and Bates and Granger (1969) that provided the 

initial impetus to the development of a theory in the combination of estimates. Combining estimates is 

especially useful when it is not clear which method would provide more accurate ones (Armstrong 

2001). 

The purpose of combining estimates is to use each model’s unique features to capture different 

patterns or features in the data set (Al-Alawi et al., 2008) and by combining estimates from different 

models, the accuracy can often be improved over the individual estimate (Clemen 1989). 

Kim et al. (2005) used hybrid models of neural networks and genetic algorithms for the preliminary 

cost estimates of residential buildings in Seoul, Korea. To develop and train the models they used 498 

projects of residential buildings. The models applied were Model I, in which each parameter of a back-

propagation network was determined by a trial-and-error process; Model II, in which each parameter 

of a back-propagation network was determined by GAs; and Model III, in which weights of the NNs 

were trained using GAs. After training the NNs, the models were evaluated by comparing the 

weighted estimated error rate (WEER). Predictions using Model II were the most accurate, with the 

lowest error rates. The research revealed that optimizing each parameter of back-propagation networks 

using GAs was most effective in estimating the preliminary costs of residential buildings. 

Yu (2006) proposed a new conceptual construction cost estimating method (PIREM: Principal Item 

Ratios Estimating Method) which integrated several existing conceptual estimating methods with 

advanced nonlinear mapping techniques (i.e., AI techniques), and separated unit prices from the 

quantities of a cost item. This would allow estimators to estimate based on the prevailing unit prices in 

the marketplace, thus the fluctuation of prices can be reflected on a real‐time basis. Two case studies 

were conducted for verification of PIREM. The first case consisted of 612 historical data collected 

from various types of civil construction projects (e.g., drainage, earthmoving, retaining walls) in 

Taiwan. The second case consisted of 110 historical data collected from high-rise residential building 

projects in China. The results from the case studies showed that the methodology integrating existing 

estimating methods was able to provide accurate and up-to-date estimates when AI techniques were 

incorporated. 

An et al. (2007) evaluated different ways to determine the weight of attributes in a CBR model for the 

estimation of construction cost of residential buildings in Korea. Data from 580 residential buildings 

was used to develop the models. The weights of the attributes were determined by using three 

methods: assumed equal weights (EW), the gradient descent method (GDM), and the analytic 

hierarchy process (AHP). The mean absolute error rate (MAER, also referred by most researches as 

MAPE) was used to measure the performance of the different CBR models (one for each method to 

determine the weighted attributes). The results showed that the AHP–CBR model was more accurate, 

reliable, and explanatory than the EW–CBR model, which applied equal weights for the attributes, and 

the GDM–CBR model, which determined the weights of attributes using the GDM. Similarly Kim 

(2013) developed of an estimate technique for highway projects in South Korea at the early stage by 

using a hybrid analytic hierarchy process (AHP) and case-based reasoning (CBR). Data from 48 
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highway projects in South Korea were used for the development of the hybrid model. The AHP 

method was used to assign the weights to the different cost factors. 

Koo et al. (2010) developed a case-based reasoning hybrid model for the prediction of duration and 

costs made during the early stages of multi-family housing projects in Korea. To develop and test the 

hybrid model they used 101 projects multi-family housing projects in Korea. The hybrid model 

consisted of the integration of CBR, MRA, N, and GA. Multiple regression analysis (MRA) was used 

to develop a regression model to predict the duration and cost of projects. The standardized 

coefficients from the selected regression model were considered as the attribute weight employed by 

the hybrid model. The neural networks (NN) technique was also used to develop a model to predict the 

duration and cost of projects. The NN models were developed using NeuroSolutions, a neural network 

development tool by NeuroDimensions, Inc. NeuroSolutions was used to conduct a sensitivity analysis 

to see the effect that each of the network inputs is having on the network outputs. The sensitivity 

coefficients derived from this analysis were also used as the attribute weights employed by the hybrid 

model. The CBR used the nearest-neighbor retrieval method for the similarity function. The CBR 

process was implemented in three phases. In the first phase the different attribute weights were used to 

retrieve existing cases. In the second phase the prediction accuracy of the CBR was optimized by 

minimizing the standard error rate through the adjusting of the type of attribute weight and the 

minimum criteria for scoring the attribute similarity. In the third phase the differences between the 

predicted value and the actual value from the previous phase were addressed using a probabilistic 

analysis using Monte Carlo simulation to remove the outliers. Without the outliers the NN sensitivity 

coefficients were used as the type of attribute weight and the average prediction accuracy increased 

slightly (from 92.038% to 93.288%) and the differences between the predicted value and the actual 

value in the cases identified during phase two decreased. Some of the features of this hybrid model 

were further revisited (Koo et al., 2011) by adding the range of the case selection and the tolerance 

range of the cross-range between MRA and NN. 

Jin et al. (2012) worked on an improved CBR model that used the MRA technique to use the standard 

coefficients as attribute weights to determine the case similarity and the unstandardized coefficients 

for the revision phase. A case study was performed on 41 business facilities and 99 multi-family 

housing projects and the results showed improvements when compared to the CBR model without the 

revision phase. Recently (Jin et al., 2014) they modified the adjustment process to also include 

categorical variables. 

Choi et al. (2013) developed a conceptual cost prediction model that combined rough set theory 

(RST), case-based reasoning and genetic algorithms for cost estimates during the conceptual planning 

phase of public road projects in Korea. RST was used to identify key input attributes gathered through 

interviews with transportation policy-making with more than ten years of professional experience in 

conceptual planning. Case-based reasoning was applied to predict costs based on previous projects. 

Genetic algorithms were used to optimize the attribute selection through RST and the weights of the 

attributes used to calculate the similarity score in the CBR model; hence optimizing the efficiency of 

the proposed CBR model. They collected data from 207 public road projects built between 2000 and 

2010 in South Korea, of which 197 were selected to build the case library. Using RST they identified 8 

significant attributes out of the original 17 selected. To validate their model they used five randomly 

selected cases. For each of those cases a model was created and the MAPE calculated. When 

comparing the MAPEs from the CBR model with the traditional cost per mile method, they found that 

the CBR model performed better than the traditional method (with an average MAPE of 16.26% vs. 

42.81% respectively). 
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Kim and Jae (2013) used genetic algorithms to optimize the weights of the cost factors used in the 

determination of the similarity index during the case-based reasoning retrieval phase. Their CBR 

system (which they refer to as a hybrid case-based reasoning (CBR) system) was used to predict the 

construction cost of high-rise buildings in South Korea during the preliminary design stage. In their 

study they used data from 590 high-rise building projects executed in South Korea between 2000 and 

2010. Out of the total cases collected, 570 were used to construct the database (case library for the 

CBR system) and for system development, while the rest were used for validating the CBR system. 

MAPE was used to evaluate the performance of the conventional CBR and the proposed CBR system 

using the 20 set-aside projects. The cost factors were identified through the review of previous 

research and interview with experts in the field. A total of 18 cost factors were used. The weights 

ranged from zero to 0.14. The cost factors with the higher weight, as determined through the GA 

optimization, were duration and location, with an approximated weight of 0.12 and 0.14 respectively. 

The estimation accuracy of the GA-based CBR was compared with that of the feature counting-CBR 

system (in which all CFs were assigned equal weights). The estimated result of the MAPE decreased 

from the feature counting-CBR system to the GA-based CBR system, indicating that the errors from 

the GA-based CBR system were lower. 
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2.6 Conclusion 

2.6.1 Lack of systematic model development and evaluation 

Several studies (Smith & Mason, 1997; Yeh, 1998; Sonmez, 2004; Kim et al., 2004; Lowe et al., 2006; 

Kim et al., 2013; Cho et al., 2013) have been conducted to compare different models developed using 

multiples techniques (e.g., regression analysis (RA), neural networks (NN) and case-based reasoning 

(CBR). None of these, however, include a systematic way to develop models to estimate CMQs using 

different techniques and to evaluate the developed models to determine the most accurate one from 

amongst them. 

Estimation models have been developed to make construction cost estimates in a large number of 

areas, from pressure vessels to school buildings (Table 1). This continued push by researchers to make 

even better estimates can also be seen as an indication of the coming use of these models in practice, 

especially, when it is taken into consideration that this work in numerous cases was funded by 

infrastructure management organizations. It can, however, also be seen that the work has been done in 

a non-standardized way; something which is okay for research but leaves practitioners without 

guidance as to how to develop and evaluate models for their specific purposes. This can be seen in 

particular in the many different types of metrics used to evaluate models. 

Table 1: Examples of work to evaluate models used to estimate construction costs 

Source Estimate for 
Model type 

Metrics used for model selection / 

accuracy 

RA NN CBR SVM MAPE RMSE MSE R2 ANOVA 

Smith & 

Mason (1997) 
Pressure vessels 1 1 - - 1 1 - - - 

Yeh (1998) 
Steel and RC 

buildings 
1 1 - - 1 1 - - - 

Sonmez 

(2004) 

Continuing care 

community facilities 
1 1 - - 1 - 1 - - 

Kim et al. 

(2004) 
Residential buildings 1 1 1 - 1 - - - 1 

Lowe et al. 

(2006) 

Buildings (unspecified 

types) 
1 1 - - 1 - - 1 - 

Kim et al. 

(2013) 
School building 1 1 - 1 1 - - - 1 

Cho et al. 

(2013) 
Elementary schools 1 1 - - 1 - 1 - - 

Legend: 1 (model/metric used); - (model/metric not used)  
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2.6.2 Concentration on construction material quantities 

In the conceptual phase of a project it is beneficial to have accurate estimates of the cost of a project 

(Estimate Class 4 as defined in 2.1.1.4). One way to make preliminary estimates is to determine the 

amount of construction material quantities (CMQs) to be used in the project (Singh, 1990-1991; Yeh, 

1998; Bakhoum et al., 1998; Chou, 2005; Peng, 2006; Chou et al., 2006; Kim et al., 2009; Fragkakis et 

al., 2011; Du & Bormann, 2014; Oh et al., 2013; Son et al., 2013) (Table 2) and then to multiply these 

estimates by the unit costs which typically include fabrication and delivery, erection, installation, 

insurance, site indirect costs, supervision, and overhead and profit. One advantage of making estimates 

in this way, as compared to estimating cost directly, is that either the CMQs or their unit costs can be 

updated separately as new information becomes available. It also allows managers to make better 

decisions and keep a better track of the project by controlling the changes in quantities and costs 

separately. 

During the early stages of a project, CMQs are generally estimated by finding existing structures that 

are similar to the structures to be constructed, and adjusting the CMQs used in the former to estimate 

the CMQs to be used in the latter. The adjustments are done based on the differences in the values of 

key parameters (e.g., height), taking into consideration the experience of the estimator. Similar 

structures are, however, often difficult to find or the required adjustments become tedious due to the 

many possible values of key parameters, all which can have a significant effect on the design of a 

structure, hence the amount of CMQs required. Without the use of specific models to deal with the 

situations when no similar structures are available the estimate of the CMQs can vary widely from 

estimator to estimator and, as a consequence, many of the estimates are not very accurate. 

One improvement in the estimation of CMQs is the use of models that can recreate real cases. The 

main advantage of the use of models is the improvement in accuracy of CMQ estimates for projects. 

This leads, in turn, to better decisions as whether or not to proceed with construction, and if the 

decision is to proceed, to better decisions as to the type of structure that should be constructed, e.g., a 

storage structure out of reinforced concrete or one out of a combination of steel and reinforced 

concrete, depending on specific project parameters and other conditions, such as geographic and 

economic ones. The main challenge when developing models is the availability of sufficient quantities 

of reliable data. As the number of independent variables (IVs) that have an effect on the quantity being 

modeled increases, so does the amount of data required to develop estimation models.  
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Table 2: Examples of research in which models were developed to make cost estimates based on CMQs 

Source Model Estimate for Output No. of IVs 

Singh 

(1990- 

1991) 

RA 

High-rise 

commercial 

buildings 

Quantities and cost of reinforced concrete 

beam and slab construction 
6 11F

12
 

Yeh 

(1998) 

Regression 

and NN 

Steel and 

RC 

buildings 

Total weight of steel in steel buildings and 

reinforcing in RC buildings 

8 12F

13
 for steel and 

1013F

14
 for RC 

buildings 

Bakhoum 

et al. 

(1998) 

NN and 

RA 

Pre-stressed 

concrete 

bridges 

Quantity of concrete, reinforcement and pre-

stressing in concrete approaches and the 

navigable span of bridges 

6 14F

15
 for regression 

models and 5 15F

16
 for 

NN models 

Chou et 

al. (2006) 
RA 

Highway 

repair 

projects 

Quantities of different work categories from a 

typical work item breakdown structures 

(WBS), e.g., Earthwork and Landscape) 

Depend on work 

category16F

17
 

Kim et 

al. (2009) 
RA 

Pre-stressed 

concrete 

beam 

bridges 

Standard work quantities e.g., manufacturing 

PSC beam, rebar fabrication/placing 
3 17F

18
 

Fragkakis 

et al. 

(2011) 

RA 

Foundations 

of concrete 

bridges 

Volume of concrete and weight of reinforcing 

steel 
4 18F

19
 

Du & 

Bormann 

(2014) 

CBR 
Power 

plants 

Quantities of 20 work items e.g., volume of 

concrete pouring, finishing and curing 
1219F

20
 

Oh et al. 

(2013) 
RA 

Substructure 

of steel box 

girder 

bridges 

Quantities of materials for substructure 

components of steel box girder bridges to 

estimate cost. 
7 20F

21
 

Son et al. 

(2013) 
RA 

Mixed-use 

residential 

buildings 

Quantity of ready-mixed-concrete, 

reinforcement and formwork of 4 components 

(i.e., foundation, basement, ground floor, and 

upper floor) 

4 for foundation 

and 2 for basement, 

ground / upper 

floor 21F

22
 

                                                      

12 Grades of concrete, grid locations, number of stories, different structural schemes, grid sizes, section of beams 
13 Number of stories, number of bays along and across frame, typical bay length along and across frame plane, 

seismic zone factor, live and dead load 
14 Number of stories, Total height of the building, Number of bays along and across frame, typical bay length 

along and across frame plane, seismic zone factor, live and dead load, compressive strength of concrete 
15 Maximum span length, superstructure type, structure system, superstructure construction method, contract 

type, and design type 
16 Main navigable span length, superstructure type, structure system, construction method of superstructure, and 

contract type 
17 E.g., for quantity of excavation: project length, project width, rehabilitation of existing road, percentage of 

trucks, vehicles per day, bridge widening or rehabilitation, interchange, new location non-freeway 
18 Length of bridge, width of bridge, and the length of span 
19 Height of pier, the width and length of the supported deck, and the type of the pier connection with the deck 
20 Including megawatt reading, nature of the job, Engineering  company, mechanical equipment configuration, 

total number of mechanical equipment, job site layout classification, measurement of center line (feet) of outside 

stacks in a multiple unit configuration, the vendor of steam turbine, installation of a project is at an existing 

facility, among others 

21 Overall height of the bridge abutment, the number of piers, the overall height of the piers, the types and 

numbers of bridge bearings, the number of locations where steel pipe piles were used, and the length of the steel 

pipe piles 
22 Area, perimeter and thickness of foundation; wall to floor ratio and floor area of basement; wall to floor ratio 

and floor area of ground floor; wall to floor ratio and floor area of typical upper floor 
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In the field of cost estimation for construction projects the concept of joining estimates by combining 

the interaction among different methods (e.g., hybrid models), has also been investigated (Table 3). 

NNs have been used in combination with GAs to determine the weights of the connections among the 

different layers (Kim et al., 2005). CBR has been used with AHP (An et al., 2007), NN, RA and GA 

(Koo et al., 2010; Jin et al., 2012; Kim, 2013; Kim & Shim, 2013) or RST22F

23 (Choi et al., 2013) to 

develop cost estimation models. 

Table 3: Summary of research preformed in the area of cost estimation for construction projects combining different methods 

   Model type 

Source Estimate for Sector N
N

 

G
A

 

R
A

 

C
B

R
 

A
H

P
 

R
S

T
 

Kim et al. 

(2005)  
Cost Residential buildings  1 1 - - - - 

An et al. 

(2007)  
Cost Residential buildings  - - - 1 1 - 

Koo et al. 

(2010)  

Cost and 

project duration 
Multi-family housing 1 1 1 1 - - 

Jin et al. 

(2012) 
Cost Business facilities and multi-family housing - - 1 1 - - 

Kim (2013)  Cost Highways - - - 1 1 - 

Kim & Shim 

(2013)  
Cost High-rise building - 1 - 1 - - 

Choi et al. 

(2013)  
Cost Public roads - 1 - 1 - 1 

Legend: 1 (model/metric used); - (model/metric not used) 

2.6.3 Reasons for this methodology 

The proposed methodology presented in this doctoral thesis fills a gap in current research as it includes 

a process that can be systematically used to both develop and evaluate estimation models using 

different techniques.  

It concentrates in the estimation of the quantities of construction materials to be used in construction 

projects and provides an improvement on existing research by offering a complete package for 

practitioners (e.g., from data collection, to model development and evaluation, to integration of 

different techniques) to estimate CMQs in a systematic and accurate manner.    

 

                                                      

23 Rough set theory (RST) was proposed in 1982 by Zdzislaw Pawlak. Its methodology is concerned with the 

classification and analysis of imprecise, uncertain or incomplete information and knowledge (Pawlak, 1982) 
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3 PROPOSED METHODOLOGY 

Three basic concepts have been kept in mind when developing the proposed methodology, they are: 

learning, adjusting and estimating. These key concepts are explained below as they relate to the 

proposed methodology to estimate CMQs. 

1. Learning from historical data: The proposed methodology makes use of the CMQs of existing 

structures to estimate the CMQs of target structures, i.e., the ones for which the CMQs are to 

be estimated. The target structures are compared to the existing ones by determining their 

similarity based on the values of numerous parameters. The most similar structures are used as 

the basis of the estimate for the target structures. 

2. Adaptation of proposed results: The proposed methodology adapts the CMQs of the similar 

existing structures taking into consideration the differences between the values of the input 

parameters of the target structure and the similar existing structures. This adjustment, known 

as adaptation, accounts for the differences between the target and the existing structures by 

adjusting the proposed estimation of CMQs for the target structure when applying the selected 

estimation model. 

3. Direct estimation: The proposed methodology makes estimates of the CMQs even if no similar 

structures are found by directly using the selected estimation model. 

Keeping in line with the idea of hybrid models (section 2.5) developed to estimate construction cost 

and duration; the three concepts enumerated above have been integrated in the proposed methodology 

by combining regression analysis and artificial intelligence. Specifically CBR, RA, and NN techniques 

are used to develop a hybrid estimation methodology to make preliminary CMQ estimates in a 

systematic, reliable, and accurate manner. 

3.1 Main steps of the methodology to make preliminary CMQ estimates 

The proposed methodology consists of two phases, namely the pre-estimation phase and the estimation 

phase. Each phase has steps23F

24 that can be further divided into multiple sub-steps (Figure 11). 

PRE-ESTIMATION PHASE

ESTIMATION PHASE

Step 1: Collect and prepare data

Step 2: Identify CMQ-relevant structures

Step 3: Develop and evaluate models

Step 4: Estimate CMQs for new project

 

Figure 11: Main steps of the proposed methodology  

                                                      

24 With the intent to keep it at a high-level so that it can easily be adapted to different projects and different 

industries. 
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3.2 Steps for the pre-estimation phase 

The pre-estimation phase involves the steps that need to be done prior to making CMQ estimates. 

Some of the components of this phase are time consuming and many times underrated, yet an essential 

part to ensure a satisfactory performance of the proposed methodology. This phase includes data 

collection, identification of relevant CMQs and structures, and the development and evaluation of 

CMQ estimation models. 

Before starting these steps, it is necessary to set the boundaries for the type of project for which CMQ 

estimates will be made. One must define, for the project type to be investigated (i.e., typical project), 

the area(s) of interest (e.g., civil/structural work), the corresponding element(s) (e.g., process buildings 

and structures), and the type of typical structures or components (e.g., tall-frame structures and storage 

structures) that will be addressed. Once that has been defined one must determine the CMQs of 

interest (e.g., concrete, reinforcement, structural steel) for the different structures (i.e., typical 

structures), and classify the type of structures based on their contribution to those CMQs. All this will 

not only allow the estimator to clearly define the scope for the models to be developed but will also 

allow the estimator to gain a better understanding of the different structures to be considered, the data 

that is required to estimate the CMQs (i.e., the CMQ-relevant parameters), and the identification of 

CMQ-relevant structures, hence focusing on models that provide value to the estimate. 

Therefore, one must first set the boundaries of the estimation by making a decision as to what models 

will be developed (i.e., which CMQs should be considered and for which structures). This is obvious 

for projects, such as industrial projects (e.g., greenfield cement plant projects), which are composed of 

different areas (e.g., mechanical, civil/structural, electrical) with several elements (e.g., for 

civil/structural: temporary facilities, process buildings and structures, internal infrastructure) each with 

many components or structures of different types (e.g., for process buildings: tall-frame structures, 

storage structures). It is therefore important to conduct a careful definition and classification of the 

different types of components or structures for the selected element in a given area of the typical 

project type being considered. This relationship, as structured for this doctoral thesis, is shown in 

Figure 12. 

 

Figure 12: Example of the breakdown of the different parts that make up a typical project for which CMQ estimates will be 

developed 

Typical project 
(e.g., Greenfield cement plant) 

Area A 
(e.g., Mechanical) 

Area B 
(e.g., Civil/Structural) 

Area C 
(e.g., Electrical) 

Etc. 

Typical Structures 
(e.g., tall-frame structures, storage 

structures) 

Element A 
(e.g., Temporary facilities) 

Element B 
(e.g., Process 

buildings/structures) 

Element C 
(e.g., Internal 

infrastructure) 

Etc. 
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Once a given area and element for a typical project type has been chosen (e.g., for the illustration of 

the proposed methodology in this doctoral thesis, the civil and structural work related to the process 

buildings and structures used in complete-process24F

25 greenfield cement plants), the typical structures 

for that element can be identified and grouped by structure type (e.g., structure type Y or storage 

structure) (upper level) and structure subtype (e.g., structure subtype Y1 or storage structure type A, 

structure subtype Y2 or storage structure type B, structure subtype Y3 or storage structure type C) 

(lower level). In this doctoral thesis no further levels are considered. The CMQs are assigned to the 

structures in the lower level (i.e., structure subtypes); therefore, the collection of data should be made 

at that level. This relationship, as structured for this doctoral thesis, is shown in Figure 13. 

 

Figure 13: Breakdown for typical structures into structure type (upper level) and structure subtype (lower level) 

Once the typical structures have been classified, they can be further analyzed to determine their 

importance, or contribution, in terms of the selected CMQs. Models should be focused on the 

important structures only (i.e., CMQ-relevant structures) (see section 3.2.2). 

Additional classifications within a structure subtype are addressed when considering the parameters to 

be used in the estimation models to be developed (e.g., dimensions, capacity, type of discharge or 

equipment required, number of chambers, number of stages). When the amount of data for model 

development is limited, this consideration could also be extended to the structure type (i.e., upper 

level) by rolling the structure subtype up to avoid developing simplified design models to generate 

data (sections 3.2.3.3.4.1 and 3.2.3.3.4.2). For example, for a given structure type, the associated 

structure subtypes can be used as parameters (i.e., categorical variables) when developing the 

estimation models for that structure type, e.g., combining all the data for storage structure types and 

using the storage structure subtype (i.e., A, B, C) as a  categorical variable in the models. 

3.2.1 Step 1: Collect and prepare data 

It is anticipated that large amounts of data will be collected. In order to organize it and make the data-

handling process more efficient, a database should be put in place. The main objective of having a 

database is twofold: 1) to store data in a standard format which allows easy access during the analysis 

                                                      

25 Including clinker production, cement mill, and packaging. 

Typical Structures 
(e.g., Process buildings) 

Structure type Y 
(e.g., storage) 

Structure type X 
(e.g., tall-frame) 

Structure subtype Y
2
 

(e.g., storage B) 

CMQ
2
 CMQ

1
 CMQ

3
 Etc. 

Etc. 

Structure subtype Y
1
 

(e.g., storage A) 

Structure subtype Y
3
 

(e.g., storage C) 

Etc. 

Upper level 

Lower level 
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phase to extract valuable information to be used in subsequent steps, and 2) to be used by the proposed 

methodology when searching for similar cases to make estimates. 

CMQ data from existing projects can significantly enhance the accuracy of preliminary CMQ 

estimates. There are guidelines available as to how data is collected and how it should be treated for 

further analysis (e.g., National Aeronautics and Space Administration, 2008; International Society of 

Parametric Analysts, 2008; United States Government Accountability Office (GAO), 2009). When 

collecting data one should keep in mind the level of detail required. For example, if models are to be 

developed for a specific structure subtype (e.g., storage structure for material X) then data should be 

collected in a way that captures that level of detail. Figure 14 depicts the general process used in this 

doctoral thesis for the database creation and data processing. 
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data required

Data collection

Data ready for further use

 

Figure 14: General process for raw data processing in preparation for further analysis (e.g., development of CMQ estimation 

models) 

As the existing raw data is generally recorded in different formats it is necessary to process it so that it 

can be consistently used in the development of the estimation models used in the methodology. The 

CMQ data collected should be coupled together with the information about the structure subtype, 

dimensions, and structure specific characteristics, as well as site specific information 25F

26 in order to 

carry out a meaningful analysis for each structure subtype and stored in a database where it can be 

organized and easily accessible. This information is typically available from different sources, such as 

bill of quantities (BoQs), as-built drawings, general arrangement drawings, design calculations, and 

technical reports. Once the data has been collected it should be processed or normalized to make it 

homogeneous, hence checking it for consistency and adjusting it to eliminate any bias. This process 

typically includes identification and removal of outliers, handling of missing values, transformation 

                                                      

26 It is important that site specific information (e.g., wind speed, soil bearing capacity, ground acceleration) 

includes the units used and the applicable source code, as depending on the code used they may not be 

compatible and will need to be standardized during the data process and analysis phase (e.g., the design wind 

speed in the ASCE 7-10 (USA) is measured differently than in the Eurocode 1, EN 1991 1-4 (Europe), and they 

might differ from one version to another of the same code). 
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(e.g., taking the natural logarithm) of the dataset, scaling values between 0 and 1. After this is done it 

can be used for further analysis and by the different processes in the proposed methodology. 

3.2.2 Step 2: Identify CMQ-relevant structures 

When setting the boundaries before starting with the steps for the pre-estimation phase, one should 

have defined the typical structures or components and determined the CMQs of interest (e.g., concrete, 

reinforcement, structural steel) for the different structures (section 3.2). However, not all the typical 

structures for the selected element/area of a typical project have the same contribution to the 

construction materials used. In general a small number of structure subtypes are the source of most of 

the CMQs used in the project (similar to the Pareto principle). For example, in the construction of a 

typical greenfield cement plant (i.e., typical project) about 20% of the structure subtypes contribute 

about 80% the CMQs used (García de Soto et al., 2013). Therefore, it is important to identify the 

CMQ-relevant structures. 

The CMQ-relevant structures are the structure subtypes that satisfy the desired contributions to the 

CMQs of interest. The division between CMQ-relevant and CMQ-not-relevant structures is, therefore, 

made by defining a threshold for the desired % of CMQs for which the structure subtypes should 

account, e.g., if we want to develop models for the structure subtypes that account for 80% of the 

CMQs in a project, the threshold is then set to 80% and focus should be placed on the development of 

CMQ models for the structure subtypes that add up to that threshold; the structure subtypes that make 

up that contribution are defined as CMQ-relevant structures. Therefore, the higher the threshold value 

the more structures will be included and the lower the uncertainty built into the preliminary estimates 

for the entire project. However this also means more work and effort required by the estimator since 

more data has to be collected and more models need to be developed. Hence, a tradeoff between the 

allowable uncertainty and added effort has to be made. 

The importance of a structure subtype for each CMQ is determined by calculating the ratio between 

the CMQ used in the structures of that structure subtype for sample projects of that project type (i.e., 

typical project) and the total CMQ (Equation (32)). 

 
,

,

,


i a

i a

i T

CMQ
P

CMQ
 (32) 

Where, 

Pi,a :  percentage of CMQi for structure subtype a (from a=1 to b and i=1 to J)  

CMQi,a : total amount of CMQi for structure subtype a in all typical projects from which data 

has been collected 

CMQi,T : total amount for CMQi for all structure subtypes in all typical projects from which 

data has been collected 

Instead of ranking structures separately for each CMQ the individual percentages (Pi,a) can be 

combined to facilitate the identification of CMQ-relevant structures. Using Equation (33) a ranking for 

all the structure subtypes for one type of project can be made by taking into account the number of 

structure subtypes related to each CMQ and the amount of each CMQ. 
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Where, 

Wa : weighted percentage for structure subtype a (from a=1 to b) 

Sa : total number of structure subtypes with CMQi in all typical projects from which data has been 

collected 

ST : total number of structure subtypes for all CMQs in all typical projects from which data has 

been collected 

 

Once the weighted % is calculated, the structure subtypes can be ranked from high to low contribution. 

This weighted % also simplifies the effort required from the estimator as it generates a unique list that 

takes into account the contribution of each structure subtype for the different CMQs evaluated. 

The structure subtypes which, when added together, make-up for at least the selected threshold, are 

classified as CMQ-relevant structures. Models will be developed only for these structure subtypes. The 

rest are CMQ-not-relevant and their cumulative CMQs are grouped and used to estimate the CMQs for 

the entire project. 

At the end of this step there will be a total of P CMQ-relevant structures. It is considered possible that 

each structure subtype contains J CMQs (e.g., CMQi, CMQi+1, CMQJ), which may be different from 

structure subtype to structure subtype (e.g., Table 4). 

Table 4: Example of CMQ-relevant structures and corresponding CMQs for which CMQ are to be estimated 

 CMQ 

CMQ-relevant structure i i+1 … J 

m     

m+1     
…     

P     

 

For all projects of one project type (i.e., for a typical project), the list of CMQ-relevant structures 

should be the same, and it is not expected that the ranking would change significantly. However, it 

will require monitoring to ensure that changes due to factors such as new technology, construction 

methods, materials, or general project configuration, do not significantly change the CMQs of 

different structures built in future projects. 

3.2.3 Step 3: Develop and evaluate CMQ estimation models  

Step 3 is based on the process to develop and evaluate CMQ estimation models 26F

27. This process uses 

regression and NN techniques, as the two most prominent model types used to estimate CMQs and 

construction costs (sections 2.4 and 2.5). Specific information about the implemented regression and 

NN techniques is shown below. A second order information criteria (AICc) is used for the evaluation 

of the models. Developed models with the lowest AICc are selected and implemented during the 

estimation phase (step 4, section 3.3.1). 

                                                      

27 The sub-steps and processes for Step 3 have been summarized in a paper accepted for publication in the 

Journal of Cost Analysis and Parametrics (García de Soto et al., 2014). 
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3.2.3.1 Regression analysis 

The functional form used to develop models using RA is the back-transformed equation (Equation 

(6)), also known as the constant elasticity or multiplicative relationship (Albright et al., 2003), also 

used by Chou (2005), Peng (2006) and Chou et al. (2006) to develop quantity-based preliminary cost 

estimation models. The RA technique used is the BET, a stepwise regression technique that uses 

statistical constraints to determine if a variable is kept or removed from the regression equation. 

In the work conducted during this doctoral thesis the models developed using the BET performed, 

overall, better than those using the FST. These findings are also consistent with other studies (Lowe et 

al., 2006; Field, 2009; García de Soto et al., 2012; García de Soto et al., 2013). The evaluation 

performed and reasons for choosing the BET over the FST are shown in Chapter 4, section 4.3. 

3.2.3.2 Neural networks 

The NN model is developed based on the selected regression model. The NN models considered in 

this process are feed-forward neural networks with three layers (one hidden layer) and a back-

propagation learning algorithm, using the sum of squared errors as the objective function. The 

characteristics and structure of the NN models developed in this process are: 

1. Input neurons = IVs from selected regression model (dummy coding not required) 

2. Input scaled between -1 and +1 

3. Hyperbolic tangent activation function between input/hidden and hidden/output layers 

4. One hidden layer (with number of neurons determined empirically (Figure 15)) 

5. Back-propagation learning algorithm 

6. Objective function to optimize weights = sum-of-squares error 

7. 80%:20% data split during the learning process 

8. One output neuron 

To avoid over fitting and ensure generalization of the NN model several runs are required, each with a 

different number of neurons in the hidden layer. The process for the determination of the optimal size 

for the hidden layer to ensure proper generalization is shown in Figure 15. To address the issue of 

getting stuck in a local minimum, the iteration for the determination of the number of neurons in the 

hidden layer is done for a greater than optimal number of neurons (Bishop, 1995). Therefore, the 

errors are calculated for J number of NN models, where J is the total from the number of inputs and 

outputs, and that multiplied by two. The selected NN would be the one with a topology and weights 

yielding the lowest error. 
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Set the number of neurons in the 

hidden layer equal to j (NNj)

Train the NN model (NNj) using 

the training set and calculate the 

error for testing set (Ej)

j = 1

Set J = 2 x (number of inputs and 

outputs)

Number of neurons in

hidden layer = j for (Ejmin)

j≥ J
No

j=1+j

Yes

Determine minimum Ej (Ejmin)

 

Figure 15: Process for determination of the number of neurons in the hidden layer  
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3.2.3.3 Development and evaluation of models: 11 sub-steps 

The development and evaluation of models done in Step 3 consists of 11 sub-steps (Figure 16). The 11 

sub-steps are described in the following sections. An example illustrating this process is shown in 

Chapter 5, Appendix F, and Appendix G. 

Insufficient data

(N <n )

Sufficient data

(N ≥ n )

3.2 Prepare data (define N) for 

structure subtype m and CMQi

3.4.1 Develop and test 

simplified design models

3.5 Develop models for CMQi of 

structure subtype m using RA 

(backward elimination technique)

3.6 Calculate AICc for each 

developed regression model and 

select the one with lower AICc

3.4.2 Generate data

(N ≥ n )

m≤P

3.3 Identify potential parameters 

for structure subtype m and CMQi

(define k)

3.4 Determine sample size (n) and 

check data sufficiency (N vs. n)

3.8 Develop NN model(S) for 

CMQi of structure subtype m 

(based on selected regression 

model)

nact≤N

3.9 Calculate AICc for (each) 

developed NN model (and select 

the one with lower AICc)

3.10 Compare selected 

regression and NN models and 

use the one with lower AICc for 

the estimation of CMQi for 

structure subtype m

m=1

i=1

3.1 Select structure subtype m and 

CMQi
m>P

Yes

(m=m+1;

i=1)

3.11 i > J

for structure 

subtype m?

No

(m=m;

i=i+1)

3.7 Check sample size 

determined in 3.4 using actual 

values from selected regression 

model (calculate nact)

nact>N

2 2

2

( 1)( 2)

( 1)

k R z R
n

S R z

  


 



Database with all 

possible data for 

selected structures and 

CMQs (from Step 1)

3.5.1 Pre-screen developed 

regression models

Is simplified 

design model 

feasible?

NO

(m=m+1;

i=i)

YES

Define R2, z, k, and S

Use actual R2 and z 

(Adj R2 /R2) from 

selected regression 

model

 

Figure 16: Process for the development and evaluation of models (Step 3) 



Chapter 3 Proposed methodology 

46 of 215 

3.2.3.3.1 Sub-step 3.1: Select structure subtype m and CMQi 

This process is done for all the CMQ-relevant structures determined in Step 2 and their corresponding 

CMQs. There is not a specific order for selecting the structures from that list. 

3.2.3.3.2 Sub-step 3.2: Prepare data 

The collected data needs to be sorted for the applicable structure and CMQ entering the process. Final 

processing of the specific data might be required to ensure that the data is prepared for the 

development of CMQ estimation models (Step 1, Figure 14). Once the complete data for the selected 

structure and CMQ (N) has been prepared, the process can continue. 

3.2.3.3.3 Sub-step 3.3: Identify potential parameters 

The identification of the potential parameters (k) should be based on the information available to the 

estimator at the time of preparing the preliminary estimates, and using expert knowledge or 

information from previous research. The potential parameters should be selected to avoid redundancy; 

otherwise, the developed regression models might have problems with collinearity27F

28. 

These parameters are further evaluated during the development of the models (section 3.2.3.3.4.1) and 

finalized during the selection of the regression model (section 3.2.3.3.6). In this step, all the potential 

parameters to be used in the estimation of CMQi for structure m are identified. The ones for the 

selected models are defined as CMQ-relevant parameters. 

3.2.3.3.4 Sub-step 3.4: Determine sample size required for model development 

Once the available data for a given structure subtype and related CMQs is known (N), it has to be 

checked to make sure if it is sufficient to develop reliable models from an statistical point of view 

(Green, 1991; Dupont & Plummer, 1998; Kelley & Maxwell, 2003) so that N is greater than or equal 

to the minimum amount of data required for model development (n). Although there is not a consensus 

about the determination of n, it is generally agreed that the number of variables that can be used is 

limited by the sample size (Field, 2009). Therefore, it is important to ensure that there is enough data 

for the variables to be used to ensure the reliability of the model. 

Multiple rules of thumb to determine n have been proposed (Mead, 1990; Green, 1991; Bartlett et al., 

2001). However, in many cases their use could yield wrong determinations of the appropriate sample 

size (Field, 2009; Brooks & Barcikowski, 2012). Here, it is proposed that the minimum required 

sample size be determined using Equation (34). This equation is derived by solving for the sample size 

n in the adjusted coefficient of determination equation by Lord (Lord, 1950; Yin & Fan, 2001, see 

                                                      

28 When two or more IVs are used, collinearity should be checked to make sure there is not a problem with 

multicollinearity of the data. Multicollinearity occurs when there is a high correlation among the IVs used 

causing an increase in variance of the model coefficients, models with coefficients that are not statistically 

significant, parameter estimates of incorrect sign and magnitude (i.e., unstable models) (O’Brien, 2007). 

Although multicollinearity is not a problem if the objective is to use the RA model for prediction it will have an 

impact in the understanding of how the independent variables affect the dependent variable (Verspagen, 1997). 

The degree of multicollinearity can be assessed by calculating the variance inflation factor (VIF = 1/(1-Ri
2), 

where Ri
2 is the proportion of variance in the ith IV that is associated with the other IVs in the model). A VIF 

over 10 is usually considered problematic and indicates that the IVs are highly intercorrelated and small changes 

in the data values may lead to large changes in the estimates of the regression coefficients. However, some 

researches (O’Brien, 2007) have shown that high VIF values do not necessarily have an impact in the results of 

the regression analysis. 
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Equation (28) in section 2.3.3). It accounts for the shrinkage from R2 to Adj R2 (Equation (35)), and the 

percentage of data to be used for training (i.e., developing) the model (S). 

 

2 2

2

( 1)( 2)

( 1)

min min

min

k R z R
n

S R z

   


 
 (34) 

 2 2

min   Adj R z R  (35) 

Where, 

n : minimum sample size (accounting for training and testing of model) 

k : maximum number of IVs expected in the model 

R2
min

 : minimum desired coefficient of determination, in decimal form (i.e., amount of the total 

variation explained by the IVs) 

z : allowable shrinkage from R2 to Adj R2, in decimal form (i.e., Adj R2 / R2
min or the reduction 

from R2
min expected to be captured in the Adj R2) 

S : percentage of data to be used for training the model, in decimal form 

Some of the values for the variables to determine the sample size required for model development are 

easily known (e.g., k and S). The value of k is mainly dependent on the data obtained from previous 

steps during the pre-estimation phase (section 3.2.1 and 3.2.2). Using an 80%:20% data split for model 

development and testing implies that the value of S is 0.8. For others variables (e.g., R2
min and z) 

assumptions need to be made. The selection of values for those variables might not be intuitive at first, 

but with experience estimators would gain a feeling of which values to use when determining the 

sample size. The following recommendations are proposed in the case the estimator does not have a 

preference. For the initial R2
min, the expectation is that the variables used in a given model should 

explain at least 90% of the variation in the model (R2
min≥0.9) and the reduction of R2 that should be 

captured in the Adj R2 should not be more than 90% (z=0.9) (i.e., Adj R2 ≥ 0.81). In any case, the 

values for the expected R2 (R2
min) and allowable shrinkage (z) should be checked by recalculating the 

minimum sample size (nactual) using the actual R2, z, and number of IVs (k) from the selected model 

(section 3.2.3.3.7). 

Once n has been calculated it is to be compared to N to determine if the existing data is enough or, if 

more data is not available, whether more data should be generated (i.e., development of simplified 

design models). 

3.2.3.3.4.1 Sub-step 3.4.1: Create simplified design models 

When the collected data is not sufficient (n>N), consideration should be made to decide if additional 

work should be made carried out to collect and process more data or, if more data is not available, if it 

should be generated using appropriate design models. In the latter case, simplified design models 

could be used to generate data to develop CMQ estimation models. The development of such design 

models might require a fair amount of time, effort, and knowledge and experience in structural design. 

For this reason a decision should be made at this point whether the added work and development of 

simplified design models is worthwhile or not. If it is not, the structure for which sufficient data is not 

available should be dropped from the list of CMQ-relevant structures for the typical project, and if 

appropriate, replaced by another structure type. 

Simplified design models can be developed in several ways. All of them require an experienced 

structural engineer who can develop the models in a way that could be later automated to generate data 

that can be used for the development of models to estimate CMQs. One way is using the concept of 

direct stiffness and finite element analysis methods. When possible, the simplified design models 
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should be validated using the existing data and ensuring that they meet applicable building codes. The 

data generated using simplified design models (section 3.2.3.3.4.2) should be enhanced and eventually 

the estimation models should be replaced with models using real data when it becomes sufficient, as 

the data from simplified design models does not capture all aspects of the real world. 

3.2.3.3.4.2 Sub-step 3.4.2: Generate data 

Once the simplified design model has been developed and validated, it can be used to generate CMQ 

data (e.g., Figure 17). To do that, the possible values of the input parameters are determined based on 

the available information, expert opinion, or previous research. The design calculations for the design 

model are done using the different load combinations used to calculate the required size of each of the 

elements in the structure. Once the sizes of the elements have been determined so that all code 

requirements are met, then CMQs for each structural element is determined (e.g., columns, beams, 

slabs). The input/output data set can be used to develop the estimation models. 

i=1

Generate input parameters  

(e.g., wind, height, ground 

acc., soil bearing capacity)

Assign input parameters 

(e.g., wind, height, ground 

acc., soil bearing capacity)

Design calculations

(simplified design model)

i≤1,000

Determine column size and 

beam size (calculate CMQs)

i>1,000

i=i+1

 

Figure 17: Process for data generation using simplified design models 

3.2.3.3.5 Sub-step 3.5: Develop regression models 

Regression models are developed as indicated in 3.2.3.1 using the potential parameters identified in 

3.2.3.3.3. Using the BET generates more than one regression model, each containing different number 

of independent variables. 

3.2.3.3.5.1 Sub-step 3.5.1: Pre-screen developed regression models 

In addition to the standard checks made on the developed regression models (e.g., assumptions related 

to RA, such as the significance of variables, collinearity, no correlation between IVs and residuals, that 
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the residuals are homoscedastic, uncorrelated, and normally distributed) (Field, 2009), it is 

recommended to ensure that the described relationships, seen through the coefficients of the variables, 

behave as expected. Sometimes, especially if the data used for model development does not represent 

the underlying relationships (i.e., if the data has noise), the models may show relationships that are 

nonsensical, e.g., the larger a building the less concrete it requires. In those cases, constrained 

regression models should be developed if models have nonsensical relationships. 

The constrained regression models are developed using the unconstrained regression models 

(developed in 3.2.3.3.5) and constraining them to ensure that illogical behavior cannot happen, e.g., 

the higher the structure the lower the CMQs, keeping the values of the other parameters the same. 

Once the regression coefficients to be constrained have been identified, which is done using 

engineering judgment, the sum of the squared errors (SSE) is minimized while controlling the sign of 

the regression coefficients in the regression equation for the variable(s) that is(are) causing the 

nonsensical relationship. This process is shown in Figure 18. 

Model satisfactory?

No

Yes

Modify model 

by constraining 

reg. coeff.

Does 

unconstrained model

have nonsensical

reg. coeff.?

No 

modifications 

needed

NoYes

Use unconstrained 

model as basis

Use model for 

further 

evaluation

 

Figure 18: Process for the development of constrained models to be used in estimation of CMQs. 

3.2.3.3.6 Sub-step 3.6: Calculate the AICc for regression models and select the one with lower AICc 

Once the set of regression models developed in 3.2.3.3.5 have been screened (3.2.3.3.5.1) the AICc for 

the remaining models is calculated using Equation (30) (section 2.3.4). The variable of K should 

include also the constant and error term (i.e., number of IVs plus 2). The regression model with the 

lowest AICc is selected as the regression model with the lowest amount of information loss; hence the 

regression model that is more likely to be correct for the structure and CMQ being evaluated. Equation 

(31) can be used to determine the probability (P) that the correct model has been chosen, or that the 

selected model is more likely to be the model with the least amount of information loss as indicated in 

section 2.3.4. 
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3.2.3.3.7 Sub-step 3.7: Check sample size determined in 3.2.3.3.4 

Using the regression model with the lowest AICc, the assumptions made to determine the minimum 

amount of data needed (section 3.2.3.3.4) shall be checked by recalculating the minimum sample size 

(now referred to as nactual) using Equation (34) (modified into Equation (36) to account for the new 

name of the variables) with the same variable for S and the actual values for R2, Adj R2 and the number 

of IVs (k) from the selected regression model. The nactual is then compared with the data used to 

develop the model (N). 
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Where, 

nactual : required sample size (accounting for training and testing of model) 

kactual : number of IVs used in the model 

R2
actual

 : coefficient of determination from the model, in decimal form 

zactual : actual shrinkage from R2
actual to Adj R2

actual, in decimal form (Equation (37)) 

S : percentage of data to be used for training the model, in decimal form 

 

If the sample size is sufficient (nactual ≤ N) then the selected regression model is confirmed and the 

process can continue. If the sample size is not sufficient (nactual > N) then the models developed in 

3.2.3.3.5 should be discarded and the values assumed in 3.2.3.3.4 should be revised and the process 

restarted from there. 

3.2.3.3.8 Sub-step 3.8: Develop NN model 

NN models are developed as indicated in 3.2.3.2. More than one NN model is expected to be 

developed during this step, each containing a different number of neurons in the hidden layer. 

3.2.3.3.9 Sub-step 3.9: Calculate the AICc for (each) developed NN model (and select the one with 

lower AICc) 

For the NN models derived from 3.2.3.3.8, the AICc is then calculated using Equation (30) (section 

2.3.4). When Equation (30) is used to select among different NN models, the variable K shall be 

modified to be the total number of weights in the NN model. The NN model with the lowest AICc 

would then be selected as the NN model with the lowest amount of information loss; hence the NN 

model that is more likely to be correct for the structure and CMQ being evaluated. 

For the selected NN model, or when only one NN model has been developed in 3.2.3.3.8, the AICc 

should be calculated by using K as the number of inputs, including the bias neuron. This AICc should 

be used when comparing it to the AICc from the regression model in the next step. 

3.2.3.3.10 Sub-step 3.10: Compare selected regression and NN models and use the one with lower 

AICc 

The evaluation of the regression and NN models is based on the AICc. 
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The model with the lowest AICc value is the one with the least amount of information loss; hence the 

model more likely to be the correct model. The selected models were used to estimate the CMQ of the 

structure being evaluated. 

3.2.3.3.11 Sub-step 3.11: Next CMQ or structure 

Once the process is completed for a given CMQ, the next CMQ for the structure evaluated was used. 

If all the CMQs for a given structure have been completed then, the next structure with its 

corresponding CMQs is introduced in the process. 

The process ends when models for all the CMQs for all the structures have been developed and 

evaluated. At the end of this process all the applicable models for the estimation of CMQs for the 

structures identified for the project have been developed. 

3.3 Steps for the estimation phase 

The estimation phase consists of the steps that are done to make CMQ estimates. The previous steps 

set the basic groundwork required to make new estimates. At this point, the CMQ that will be 

estimated as well as the CMQ-relevant structures have been identified. The CMQ estimation models 

have been developed, evaluated and, the better ones (i.e., more accurate) selected. That means that the 

different parameters required for the preparation of preliminary estimates are known (i.e., CMQ-

relevant parameters). 

3.3.1 Step 4: Estimate CMQs for structures in target project 

In this step the actual process to estimate CMQs for structures in the target project (i.e., new project) 

begins. With CBR at its core, similar structures are used as the bases for the estimation of CMQs. By 

doing this the information and experience is integrated through the learning from historical data (i.e., 

transfer of knowledge). To complete the estimation for each CMQ either regression models or NN 

models are used. When similar structures can be used the selected regression models are employed 

(from section 3.2.3.3.6); otherwise, the selected estimation model (either regression of NN) (section 

3.2.3.3.10) is used to make direct CMQ estimates. 

During the practical implementation of this step (e.g., programmatic estimation tool), the “bases for 

the estimated CMQs” (e.g., the parameters used and the assumptions relied upon in the estimating 

process) should be properly tracked and documented. This would be applicable, for example, during 

the identification the similar structure and the ones that have been used as basis of the estimated 

CMQs for a given structure (García de Soto et al., 2013). 

Step 4 consists of 8 sub-steps (Figure 19). The 8 sub-steps are described in the following sections. 
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Figure 19: Process for the estimation of CMQs for structures in target projects (Step 4) 
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3.3.1.1 Sub-step 4.1: Obtain values of input parameters 

This is an obvious step but also one that can create some troubles if not properly done. The estimator 

should obtain the values of the required input parameters and ensure they are in a form compatible 

with the model requirements (i.e., appropriate units, relevant code) for the structures to be estimated. 

Obtaining this values during the conceptual or feasibility phase of the project should not be difficult 

(most of the information could be obtained from mass flow diagrams, flow sheets, feasibility study 

reports, project layout, and in some cases general arrangement drawings) since one of the requirements 

for the identification of potential parameters was that they would be readily available during the early 

stages of a project. If they are not, the models developed in step 3 should be reviewed accordingly to 

include only variables that are readily available. 

3.3.1.2 Sub-step 4.2: Normalize parameters 

Using Equation (38) the parameters are normalized by scaling them between 0 and 1. This brings all of 

the variables into proportion with one another, taking care of the differences among parameters using 

different scales and facilitates the determination of similar structures during this process. 
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Where, 

Xi,norm : normalized value between 0 and 1 

Xi : raw parameter to be normalized 

Xi
min

 : minimum value for parameter Xi (minimum of input28F

29 or existing) 

Xi
max : maximum value for parameter Xi (maximum of input29 or existing) 

Note that the regression models could be developed using the back-transformed equation (Equation 

(6)), implying that the dataset was transformed (taking the natural log of the dataset) (see section 

3.2.3.1). Therefore for the ease of computation, the natural log values of the variables can be used for 

the normalization or scaling process. In this case Equation (38) is modified to use ln(X) instead of X 

yielding to Equation (39). 
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3.3.1.3 Sub-step 4.3: Enter the similarity threshold 

Due to the adaptation process implemented in the proposed methodology (see section 3.3.1.7.1), the 

value of the similarity threshold does not cause a big impact on the estimation results, especially when 

                                                      

29 This is done to avoid computational problems in the case that the input from the new structure being estimated 

is outside the range of the existing data by adjusting the range to accommodate the new value (as either a 

maximum or a minimum, whatever the case might be) and ensure that the scale between 0 and 1 is done 

properly. 
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that value is low. Further investigation into this item (see Chapter 4, section 4.7), led to the 

determination of a default value for the similarity threshold of 70 per cent29F

30. 

3.3.1.4 Sub-step 4.4: Calculate the distance between the target and existing structures 

The distance is the difference between the normalized (scaled) parameters for the target and existing 

structures (section 2.2.2.2, Equation (20)). From the investigation made in Chapter 4, section 4.5, the 

distance between the target and existing structures used in the proposed methodology is determined 

using Equation (40) (based on Equation (22) with p = m = 1 and wi-adj = βadjusted; i.e., the City-block 

distance). 
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Where, 

Xo : existing structure 

Xj : target structure 

xoi : scaled value of the ith CMQ-relevant parameter for the existing structure (Xo) 

xji : scaled value of the ith CMQ-relevant parameter for the target structure (Xj) 

n : number of CMQ-relevant parameters, from i = 1 to n 

 i : weight of each parameter using the unstandardized regression coefficients adjusted (Equation 

(41)) to account for parameter normalization 

oY : normalized and adjusted value for the existing structure corresponding to CMQ-relevant 

parameters xoi 

jY : normalized and adjusted value for the target structure corresponding to CMQ-relevant 

parameters xji 

 

The importance of each parameter is weighted using the unstandardized regression coefficients from 

the selected regression model. Since the parameters are normalized, the unstandardized regression 

coefficients are adjusted to account for this normalization (Equation (41)). Further derivation of the 

adjustment made to the unstandardized regression coefficients and the normalized distance is shown in 

Appendix D. 
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As in the case of section 3.3.1.2, Equation (41) can be modified to use ln(X) instead of X yielding to 

Equation (42). 

                                                      

30 Nevertheless, the proposed methodology allows for the adjustment of the similarity threshold by the estimator 

in case it would be necessary. 
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3.3.1.5 Sub-step 4.5: Calculate the similarity between the target and existing structures 

The similarity between the target and the existing structures is defined by Equation (43). When the 

distance among the different values of the parameters between the target and a given existing structure 

is zero the similarity is 100%, i.e., there is a perfect match between the two structures. 

    ,   1 ( , ) 100  o j o jSim X X Dist X X
 

(43) 

Where, 

Sim(Xo ,Xj) :  similarity between the target (Xj) and existing (Xo) structures as a percentage (100% = 

perfect match) 

Dist(Xo ,Xj) :  value of the distance between the target (Xj) and existing (Xo) structures (scaled 

between 0 and 1) 

3.3.1.6 Sub-step 4.6: Select similar structures 

Once the similarity between the target structure and the relevant existing structures is calculated 

(Equation (43)), it is compared to the similarity threshold (entered in step 4.3; section 3.3.1.3). For 

each existing structure, if the similarity with the target structure is greater than or equal to the 

similarity threshold, the existing structure is classified as similar structure (Equation (44)) and used for 

the estimation of CMQs for the target structure. If the similarity threshold is not met, the existing 

structure is classified as not-similar and not used in the estimation of CMQs for the target structure. 

 Simadj (X0, Xj) ≥ similarity threshold → similar structure (44) 

3.3.1.7 Sub-step 4.7: Estimate CMQs for CMQ-relevant structures 

Depending on the similarity between the target and the existing structure(s), the estimation of CMQs 

would fall into the following categories: 

1. Sim = 100% 

2. 100% > Sim ≥ SimThres 

3. Sim < SimThres 

In the first category the target and existing structure have the same CMQ-relevant parameters (i.e., 

Simoij=100%), therefore no adjustments are needed. In this case, the estimated CMQ for the target 

structure is taken as the actual CMQ for the existing structure (i.e., CMQj=CMQoi). In the second 

category (i.e., when there are similar structures), adaptation is used (section 3.3.1.7.1). In the third 

category (i.e., when there are no similar existing structures), direct estimation is used (section 

3.3.1.7.2). 

3.3.1.7.1 Sub-step 4.7.1: Adaptation 

When there are existing structures with a similarity greater or equal to the similarity threshold and less 

than 100% (100%>Sim≥SimThres) then the CMQ of those structures is taken as the initial solution for 

the estimation of the CMQ for the target structure. That initial solution is to be adjusted to account for 
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the differences in the values of the parameters between the target and the existing similar structure 

using the selected regression model (Patterson et al., 2002; Jin et al., 2012; García de Soto et al., 2013; 

Jin et al., 2014), modified to account for the % error from the model. When more than one existing 

structure is used; their contribution is weighted using their similarity (i.e., the adjustments are 

weighted according to the similarity so that existing structures with higher similarity would have a 

higher effect on the estimated CMQ for the target structure). The process followed in making this 

adjustment is described in the following six-steps. 

Step 1: Use the actual CMQ of the existing similar structure(s) (i.e., CMQoi for existing 

similar structure i) as basis for the estimation of the CMQ for the target structure. 

Step 2: Use the selected regression model (section 3.2.3.3.6) to calculate the estimated CMQ 

of the existing similar structure(s) (i.e., CMQomi for existing similar structure i). 

Step 3: Use the selected regression model (section 3.2.3.3.6) to calculate the estimated CMQ 

of the target structure (i.e., CMQjm). 

Step 4: Modify the estimated CMQ of the target structure (i.e., CMQjm) by taking into 

consideration the % error for the existing similar structure i (from the regression model) 

(CMQjm’i) (Equation (45)). 

 CMQjm’i = CMQjm + (CMQjm * ei) (45) 

Where, 

CMQjm : estimated CMQ of the target structure using the selected regression model 

ei : % error obtained from the regression equation (keeping the sign) for existing 

structure i ((CMQomi - CMQoi) / CMQoi) 

 

Step 5: Determine the difference between the target and existing similar structures by 

calculating the difference between the estimated CMQs calculated in steps 2 and 4 above 

(Equation (46)). 

 ∆i = CMQjm’i – CMQomi (46) 

Where, 

∆i : difference between estimated CMQs for existing similar structure i and target 

structure j (keeping the sign) 

CMQjm’i : estimated CMQ for the target structure j using the selected regression model 

and modified to account for % error for existing structure (step 4) 

CMQomi : estimated CMQ for existing similar structure i using the selected regression 

model 

 

Step 6: Calculate the adjusted CMQ (CMQjadj) for the target structure based on the actual 

CMQ of the existing similar structures (CMQoi) adjusted using the differences calculated in 

step 5 (∆i) and considering the similarity (Simoij) between the target structure and the existing 

structure(s)30F

31 (Equation (47)). 

                                                      

31 This is preferred over taking the arithmetic average because the contribution of the CMQs from the existing 

similar structures is weighted based on their degree of similarity with the target structure. Therefore, the greater 
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Where, 

CMQjadj : adjusted CMQ for target structure j being estimated 

Simoij : similarity between target structure j and existing similar structure i in decimal 

form (determined using Equation (43) from section 3.3.1.5) 

 

3.3.1.7.2 Sub-step 4.7.2: Direct estimation 

When there are no similar structures, the estimation of the CMQs with the proposed methodology is 

still possible. The CMQs are estimated directly using the selected estimation model (section 

3.2.3.3.10). Since no adaptation is used in this case, either the regression or NN model, depending on 

the outcome from step 3.10, is used to estimate the corresponding CMQ. 

3.3.1.8 Sub-step 4.8: Estimate total CMQs based on estimated CMQs for CMQ-relevant structures 

The total CMQ for every CMQ of interest in a project is derived using the estimated CMQs for the 

CMQ-relevant structures (Equation (48)). 

 



i ,m

i ,p

i ,m

CMQ
CMQ

P
 (48) 

Where, 

i ,pCMQ : total amount for CMQi for the project p being estimated 

i ,mCMQ : estimated amount of CMQi for structure subtype m  

i ,mP : corresponding percentage of CMQi (in decimal form) for structure subtype m 

(determined from existing project data, see Equation (32) in section 3.2.2) 

 

When the structures in the project being estimated differ from the typical project, the Pi,m (%CMQi,m) 

should be adjusted accordingly. 

                                                                                                                                                                      

the similarity (Simoij), the greater the contribution from the CMQ of the existing similar structure (CMQoi) to the 

estimated CMQ (CMQjadj) for the target structure, and vices versa. 
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4 INVESTIGATION OF KEY METHODOLOGICAL ASPECTS 

4.1 Introduction 

The following aspects, used in the different steps of the proposed methodology (as indicated in 

parenthesis after each one), require further investigation. The goal of this chapter is to show that: 

1. the BET should be used to construct regression models instead of the FST (step 3), 

2. the AICc metric should be used to select the better performing models instead of the MAPE, 

R2, or the Adj R2 (step 3), 

3. the similarity function using the City-block distance with the adjusted unstandardized 

coefficients as weights, performs better than other similarity functions and weights evaluated 

(step 4), 

4. the proposed adaptation process provides better estimates than without it (step 4), and 

5. the best similarity threshold is 70% providing, on average, the best results (step 4). 

Sections 4.3 through 4.7 address these five aspects in detail. The structure subtypes and CMQs used to 

investigate these five aspects are shown in section 4.2. 

4.2 Structure subtypes and CMQs 

The structure subtypes and related CMQs used for the investigation of the key methodological aspects 

were: 

1. Storage structure subtypes (3 total): concrete, reinforcement (upper structure and foundation 

combined) 

2. Tall-frame structure subtypes (12 total): concrete, reinforcement, structural steel (upper 

structure) and concrete, reinforcement (foundation). 

These structure subtypes and corresponding CMQs (a total of 48 structure subtype-CMQ scenarios) 

are summarized in Table 5. 

Table 5: Structure subtype and CMQ combinations investigated 

Legend: 1 (structure subtype and CMQ evaluated); 0 (structure subtype and CMQ evaluated not applicable); * (considered in another 

model. E.g., concrete in foundation of Tall –frame structure subtypes A and G are combined) 

Type Subtype Concrete Reinforcement Structural Steel Concrete Reinforcement Concrete Reinforcement

A 0 0 0 0 0 1 1

B 0 0 0 0 0 1 1

C 0 0 0 0 0 1 1

A 1 1 0 1 1 0 0

B 1 1 0 1 1 0 0

C 1 1 0 1 1 0 0

D 1 1 0 1 1 0 0

E 1 1 0 1 1 0 0

F 1 1 0 1 1 0 0

G 1 1 1 * * 0 0

H 1 1 1 * * 0 0

I 1 1 1 * * 0 0

J 1 1 1 * * 0 0

K 1 1 1 * * 0 0

L 1 1 1 * * 0 0

T
a
ll

-f
ra

m
e

Structure Upper structure Foundation Total

S
to

ra
g

e
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4.2.1 Data for model development and validation 

4.2.1.1 Storage structures 

Data from 58 storage structures of the three types evaluated was used. The dataset was randomly split; 

80% (46 cases) of the data was used for model development and 20% (12 cases) for testing and 

validation of the models. Refer to Appendix E (section E.1) for additional information about the data 

used for model development, testing and validation. 

4.2.1.2 Tall-frame structures 

Due to the insufficiency of actual data for the tall-frame structures31F

32, data was generated using a 

simplified design model based on the concept of direct stiffness finite element analysis developed by 

Dr. Dilum Fernando (García de Soto et al., 2013). Refer to Appendix E (section E.2.1) for additional 

information about the data used for model development, testing and validation. 

4.3 Backward elimination vs. Forward selection 

4.3.1 General information 

To develop the regression models used in the proposed methodology two techniques were considered, 

the backward elimination technique (BET) and the forward selection technique (FST). Although 

preliminary studies by García de Soto et al. (2012-2013) have shown that the BET outperformed the 

FST, these techniques were further evaluated to determine which of the two should be used in the 

proposed methodology. In this section the storage structure subtypes are shown. Refer to Appendix B 

for information related to the tall-frame structure subtypes. 

4.3.2 Methodology 

In order to investigate the BET and FST, regression models using Equation (5) (i.e., the transformed 

datasets) (sections 2.2.1 and 3.2.3.1) to estimate the CMQs required for the construction of structures 

of different types were developed using these techniques. The model also used the constant elasticity 

principle (Equation (6)) when applying the back-transformation. From each technique multiple models 

were developed for each structure subtype-CMQ combination, (Table 6, section 4.3.3). The different 

models were evaluated from two viewpoints: 

1. the number of significant variables used32F

33, and  

2. their accuracy (using different performance metrics). 

The process summarizing the overall methodology followed for the evaluation of the two regression 

techniques is shown in Figure 20. 

                                                      

32 For the different tall-frame structure subtypes, only seven structures, with partial information, were obtained. 
33 In most cases the developed regression models contain independent variables that are statistically significant. 

Sometimes they do not. In those cases, although the regression model with all the variables (i.e., significant and 

not) can be used to make predictions, only the number of significant independent variables from a given 

regression model should be considered when comparing models developed from the two techniques. 
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Develop models using BET 

(section 4.3.2.1)

Determine number of significant 

IVs (α=0.05)

Compare IVs and metrics from 

models developed from each 

technique

BET vs. FST

Determine model performance 

(using diff. performance metrics)

Develop models using FST 

(section 4.3.2.2)

Choose technique with models 

with higher number of sig. IVs and 

best performance metrics

 

Figure 20: Process for the investigation of BET and FST 

4.3.2.1 Backward Elimination Technique (BET) 

When using the BET, a model with all the IVs was initially developed. The IV with the smallest 

absolute t-statistic (i.e., the one with the highest p-value) was considered first for elimination. If the 

model with the removed variable met the criterion for elimination (see section 4.3.2.3), it was 

removed; otherwise it was kept. After the first IV was removed, the next IV with the smallest absolute 

t-statistic was considered next. The process stopped when there were no IVs in the equation that 

satisfied the elimination criterion. The process for the development of models using the BET is 

summarized in Figure 21. 
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Yes No
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No

Yes

(new model)

Sig. of ∆F > 

0.10

More IVs to

evaluate?

 

Figure 21: Process for BET 

The models developed using the BET for the different structure subtypes and CMQs are summarized 

in section 4.3.3. 

4.3.2.2 Forward Selection Technique (FST) 

When using the FST the initial regression equation contained only the constant term. The IV with the 

highest (positive or negative) partial correlation with the DV was considered first for entering the 

model. A model with the IVs not included was then developed. If the model with the IV being 

considered for entry met the criterion for entry (see section 4.3.2.3), the IV was selected; otherwise it 

was not. After the first IV was evaluated, the IV from the model with excluded IVs with the highest 

absolute t-statistic was considered next for entry. This process was stopped when there were no IVs 

that met the selection criterion. The process for the development of models using the FST is 

summarized in Figure 22. 
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Figure 22: Process for FST 

The models using the FST for the different structure subtypes and CMQs developed using the FST are 

summarized in section 4.3.3. 

4.3.2.3 Criterion for elimination/selection 

The criterion for elimination/selection was based on the “Probability of F” to eliminate or select 

variables when developing the different models (SPSS, 2010). During this method, the significance of 

the ∆F was compared to a predefined threshold (i.e., Probability of F) for the removal and entry. 

In the BET, the ∆F was calculated using Equation (49) for the removal of q independent variables. 
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Where, 

C : number of observations – 1 

p : total number of variables in the model 

q : number of variables considered for removal 

R2
prev : coefficient of determination from the previous model 

∆R2 : difference between the coefficient of determination from the previous model and the model 

being considered 

 

Once the ∆F was calculated, its (right-tailed) F probability distribution was determined (Sig. ∆F). The 

considered variable was removed if the significance level of the ∆F (Sig. ∆F) was greater than the 

Removal value specified (default SPSS value of 0.1033F

34). 

In the FST, the ∆F is calculated using Equation (50) for the addition of q’ independent variables. 
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Where, 

q’ :  number of variables considered for entry 

R2
current : coefficient of determination from model with the variable considered for entry 

 

The considered variable was entered if Sig. ∆F was less than the Entry value specified (default SPSS 

value of 0.0534F

35 35F

36). 

The F value for the first model developed using the BET and FST can also be determined by 

calculating the ratio between the mean square error for the regression and the mean square error from 

the residual from the analysis of variance (ANOVA). 

Although this criterion does not necessarily ensure that all the IVs used in the models are statistically 

significant (i.e., significantly different from zero at the 95 percent confidence interval), it ensures that 

the developed models are statistically significant at α=0.05 (to be confirmed by the significance of 

their F-test from the ANOVA). 

  

                                                      

34 The Removal value for the Probability of F can be adjusted to remove (by lowering it, e.g., 0.001) or keep (by 

increasing it, e.g., 0.999) more variables from the model. 
35 The Entry value for the Probability of F can be adjusted to enter (by increasing it, e.g., 0.999) or reject (by 

decreasing it, e.g., 0.001) more variables from the model. 
36 Notice that the default SPSS values for the Probability of F are 0.10 for removal and 0.05 for entry. That is 

because in BET the ∆F after removing a variable with a low t-statistic is generally low; hence with a high value 

for Sig. ∆F. Therefore a high α (i.e., 0.10) is used to ensure that those IVs that do not have a big effect on the 

model (i.e., low ∆F/high Sig. ∆F) are removed without being too strict (the higher the value the more variables 

are removed and vice versa). On the other hand, in FST, the ∆F after considering a variable to be entered with a 

high correlation with the DV (or a high t-statistic) is generally high; hence with a low value for Sig. ∆F. 

Therefore a low α (i.e., 0.05) is used to ensure that only IVs that do have a big effect (high ∆F/low Sig. ∆F) are 

kept without being too moderate (the higher the value the more variables are added and vice versa).Therefore it 

is good practice to have the value for the Probability of F in the BET greater than in the FST (SPSS, 2010). 
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4.3.2.4 Metrics for model accuracy 

The following metrics were calculated to measure the accuracy (i.e., performance) of the different 

models developed using each technique: 

1. The Mean Absolute Percentage Error (MAPE) (section 2.3.1, Equation (24)) 

2. The coefficient of determination (R2) (section 2.3.3, Equation (27)) 

3. The adjusted coefficient of determination (Adj R2) (section 2.3.3, Equation (28)) 

4. The modified Akaike Information Criterion (AICc) (section 2.3.4, Equation (30)) 

Except for the AICc, these metrics are typically used to choose a model from a set of models (see 

section 2.3). For this study, they were used to determine the performance of the different models and 

assist during the determination of which technique provided the better performing models (i.e., more 

accurate models). 

4.3.3 Results (models) 

Using each regression technique, models were developed to estimate the CMQs of 15 structure 

subtypes (Table 5 in section 4.2). In order to reduce the numbers of models to be developed and avoid 

developing models with a small sample size (i.e., not meeting the minimum amount of data required 

for model development (section 3.2.3.3.4)), the structure subtypes were combined by adding 

categorical variables. For example, the different storage structure subtypes were combined and the 

storage structure subtype was added as a categorical variable in the models. Similarly, the different 

tall-frame structure subtypes were combined, based on their structure configuration and construction 

materials, and used as categorical variables in the models. This made it possible to reduce the number 

of models to be developed36F

37 without affecting their accuracy (García de Soto et al., 2012; García de 

Soto et al., 2013). This combination resulted in a total 52 models being developed (31 for FST and 21 

for BET) for the 15 structure subtypes and CMQs considered. The number of models developed from 

each technique for the different structure subtypes and CMQ combinations are summarized in Table 6. 

Table 6: Number of models developed using BET and FST 

 

The following tables (Table 7 through Table 10) show the different models37F

38 for the different CMQs 

for storage structure subtypes A-C (STGS_A-C) developed using the BET and FST. Refer to Appendix 

B (B.1) for the models developed for the different CMQs for tall-frame structure subtypes A-L 

(TFS_A-L) using the BET and FST. When appropriate, the scientific notation was used to report the 

results obtained. The number of significant figures was consistently kept to three. Note that when the 

scientific notation was used, the “E” notation was used, where “E” means “times ten raised to the 

power of”, e.g., 5.49E-02 = 5.49 x 10-2. When the scientific notation is used, the percentages are 

shown as decimals (e.g., if MAPE is 5.49E-02 = 5.94%).  

                                                      

37 In the case all structure subtypes and CMQs were to be modeled, and assuming the same number of models 

from each technique were to be developed, a total of 378 models would have been developed (135 for BET and 

243 for FST). 
38 Including the corresponding coefficients for the different variables and their significance. 

Type Subtype BET FST BET FST BET FST BET FST BET FST BET FST BET FST

Storage A-C - - - - - - - - - - 4 5 5 4

Tall-frame A-L 2 5 2 5 2 4 3 4 3 4 - - - -

Reinforcement

Upper structure Foundation Total

Structure Concrete Reinforcement Structural Steel Concrete Reinforcement Concrete
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Table 7: Models using the BET for the amount of concrete required in storage structure subtypes A-C 

Model* Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

STGS_A-C/BET-

CO-1 

(Constant) 1.90E+00 4.23E-01  4.50E+00 0.00E+00 

LN_Cap 4.26E-01 4.60E-02 1.05E+00 9.23E+00 0.00E+00 

LN_Diam 7.85E-01 1.07E-01 8.91E-01 7.37E+00 0.00E+00 

LN_Height 9.80E-02 6.10E-02 1.01E-01 1.62E+00 1.15E-01 

LN_Wind -2.80E-02 5.20E-02 -2.00E-02 -5.31E-01 5.99E-01 

LN_S1 5.95E-01 1.90E-01 1.32E-01 3.14E+00 3.00E-03 

LN_SoilBC 1.00E-03 2.80E-02 2.00E-03 3.70E-02 9.70E-01 

LN_SoilFact -3.20E-02 1.69E-01 -8.00E-03 -1.91E-01 8.50E-01 

TypeA -1.77E-01 3.90E-02 -2.23E-01 -4.59E+00 0.00E+00 

TypeB -8.84E-01 1.22E-01 -1.20E+00 -7.23E+00 0.00E+00 

STGS_A-C/BET-

CO-2 

(Constant) 1.91E+00 3.65E-01  5.24E+00 0.00E+00 

LN_Cap 4.27E-01 4.50E-02 1.05E+00 9.39E+00 0.00E+00 

LN_Diam 7.84E-01 1.03E-01 8.90E-01 7.64E+00 0.00E+00 

LN_Height 9.80E-02 6.00E-02 1.00E-01 1.64E+00 1.09E-01 

LN_Wind -2.80E-02 5.10E-02 -2.00E-02 -5.54E-01 5.83E-01 

LN_S1 5.93E-01 1.76E-01 1.32E-01 3.37E+00 2.00E-03 

LN_SoilFact -3.40E-02 1.57E-01 -9.00E-03 -2.18E-01 8.29E-01 

TypeA -1.77E-01 3.80E-02 -2.23E-01 -4.68E+00 0.00E+00 

TypeB -8.83E-01 1.20E-01 -1.20E+00 -7.38E+00 0.00E+00 

STGS_A-C/BET-

CO-3 

(Constant) 1.89E+00 3.50E-01  5.41E+00 0.00E+00 

LN_Cap 4.29E-01 4.40E-02 1.05E+00 9.84E+00 0.00E+00 

LN_Diam 7.81E-01 1.00E-01 8.87E-01 7.78E+00 0.00E+00 

LN_Height 9.60E-02 5.80E-02 9.80E-02 1.65E+00 1.08E-01 

LN_Wind -2.80E-02 5.00E-02 -2.00E-02 -5.54E-01 5.83E-01 

LN_S1 5.82E-01 1.67E-01 1.29E-01 3.48E+00 1.00E-03 

TypeA -1.76E-01 3.70E-02 -2.22E-01 -4.73E+00 0.00E+00 

TypeB -8.83E-01 1.18E-01 -1.20E+00 -7.48E+00 0.00E+00 

STGS_A-C/BET-

CO-4 

(Constant) 1.82E+00 3.23E-01  5.64E+00 0.00E+00 

LN_Cap 4.26E-01 4.30E-02 1.05E+00 9.94E+00 0.00E+00 

LN_Diam 7.73E-01 9.80E-02 8.77E-01 7.85E+00 0.00E+00 

LN_Height 1.02E-01 5.70E-02 1.04E-01 1.80E+00 4.90E-02 

LN_S1 5.73E-01 1.65E-01 1.27E-01 3.48E+00 1.00E-03 

TypeA -1.76E-01 3.70E-02 -2.21E-01 -4.76E+00 0.00E+00 

TypeB -8.68E-01 1.14E-01 -1.18E+00 -7.61E+00 0.00E+00 
*e.g., STGS_A-C/BET-CO-1 means: model for storage structure subtypes A-C (STGS_A-C)); using the backward elimination technique 

(BET); to estimate the amount of concrete (CO); the # indicates the number of the model developed using that technique. 
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Table 8: Models using the FST for the amount of concrete required in storage structure subtypes A-C 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

STGS_A-C/FST-

CO-1 

(Constant) 5.14E+00 3.21E-01  1.60E+01 0.00E+00 

LN_Cap 3.50E-01 3.10E-02 8.59E-01 1.11E+01 0.00E+00 

STGS_A-C/FST-

CO-2 

(Constant) 3.35E+00 3.78E-01  8.87E+00 0.00E+00 

LN_Cap 3.96E-01 2.40E-02 9.73E-01 1.62E+01 0.00E+00 

LN_Height 3.58E-01 5.90E-02 3.66E-01 6.08E+00 0.00E+00 

STGS_A-C/FST-

CO-3 

(Constant) 3.35E+00 3.52E-01  9.54E+00 0.00E+00 

LN_Cap 2.56E-01 5.50E-02 6.29E-01 4.62E+00 0.00E+00 

LN_Height 4.30E-01 6.10E-02 4.39E-01 7.09E+00 0.00E+00 

LN_Diam 3.54E-01 1.28E-01 4.01E-01 2.77E+00 8.00E-03 

STGS_A-C/FST-

CO-4 

(Constant) 2.03E+00 4.10E-01  4.96E+00 0.00E+00 

LN_Cap 3.94E-01 5.50E-02 9.68E-01 7.19E+00 0.00E+00 

LN_Height 2.27E-01 6.70E-02 2.32E-01 3.39E+00 2.00E-03 

LN_Diam 6.30E-01 1.21E-01 7.15E-01 5.19E+00 0.00E+00 

TypeB -5.68E-01 1.25E-01 -7.71E-01 -4.56E+00 0.00E+00 

STGS_A-C/FST-

CO-5 

(Constant) 1.78E+00 3.65E-01  4.87E+00 0.00E+00 

LN_Cap 4.19E-01 4.80E-02 1.03E+00 8.66E+00 0.00E+00 

LN_Height 1.61E-01 6.10E-02 1.64E-01 2.63E+00 1.20E-02 

LN_Diam 7.50E-01 1.11E-01 8.52E-01 6.76E+00 0.00E+00 

TypeB -8.13E-01 1.28E-01 -1.10E+00 -6.37E+00 0.00E+00 

TypeA -1.51E-01 4.10E-02 -1.90E-01 -3.69E+00 1.00E-03 
*e.g., STGS_A-C/FST-CO-1 means: model for storage structure subtypes A-C (STGS_A-C)); using the forward selection technique (FST); to 

estimate the amount of concrete (CO); the # indicates the number of the model developed using that technique. 
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Table 9: Models using the BET for the amount of reinforcement required in storage structure subtypes A-C 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

STGS_A-C/BET-

RE-1 

(Constant) 6.50E-01 5.99E-01  1.08E+00 2.86E-01 

LN_Cap 4.26E-01 6.50E-02 1.10E+00 6.52E+00 0.00E+00 

LN_Diam 7.64E-01 1.51E-01 9.09E-01 5.06E+00 0.00E+00 

LN_Height 4.80E-02 8.60E-02 5.20E-02 5.62E-01 5.78E-01 

LN_Wind -1.23E-01 7.40E-02 -9.20E-02 -1.67E+00 1.04E-01 

LN_S1 8.07E-01 2.69E-01 1.88E-01 3.00E+00 5.00E-03 

LN_SoilBC -1.00E-03 4.00E-02 -1.00E-03 -1.70E-02 9.87E-01 

LN_SoilFact 6.90E-02 2.39E-01 1.90E-02 2.88E-01 7.75E-01 

TypeA -1.09E-01 5.50E-02 -1.44E-01 -2.00E+00 5.30E-02 

TypeB -9.11E-01 1.73E-01 -1.30E+00 -5.26E+00 0.00E+00 

STGS_A-C/BET-

RE-2 

(Constant) 6.45E-01 5.16E-01  1.25E+00 2.20E-01 

LN_Cap 4.26E-01 6.40E-02 1.10E+00 6.62E+00 0.00E+00 

LN_Diam 7.64E-01 1.45E-01 9.10E-01 5.26E+00 0.00E+00 

LN_Height 4.80E-02 8.50E-02 5.20E-02 5.72E-01 5.70E-01 

LN_Wind -1.23E-01 7.20E-02 -9.20E-02 -1.72E+00 9.40E-02 

LN_S1 8.09E-01 2.49E-01 1.88E-01 3.25E+00 2.00E-03 

LN_SoilFact 7.00E-02 2.23E-01 1.90E-02 3.16E-01 7.54E-01 

Cement -1.09E-01 5.40E-02 -1.44E-01 -2.04E+00 4.90E-02 

Clinker -9.12E-01 1.69E-01 -1.30E+00 -5.38E+00 0.00E+00 

STGS_A-C/BET-

RE-3 

(Constant) 6.83E-01 4.96E-01  1.38E+00 1.77E-01 

LN_Cap 4.21E-01 6.20E-02 1.09E+00 6.82E+00 0.00E+00 

LN_Diam 7.70E-01 1.42E-01 9.17E-01 5.41E+00 0.00E+00 

LN_Height 5.30E-02 8.30E-02 5.70E-02 6.42E-01 5.25E-01 

LN_Wind -1.24E-01 7.10E-02 -9.30E-02 -1.75E+00 8.80E-02 

LN_S1 8.30E-01 2.37E-01 1.93E-01 3.50E+00 1.00E-03 

TypeA -1.11E-01 5.30E-02 -1.46E-01 -2.10E+00 4.30E-02 

TypeB -9.12E-01 1.67E-01 -1.30E+00 -5.45E+00 0.00E+00 

STGS_A-C/BET-

RE-4 

(Constant) 6.66E-01 4.92E-01  1.36E+00 1.83E-01 

LN_Cap 4.43E-01 5.10E-02 1.14E+00 8.64E+00 0.00E+00 

LN_Diam 7.86E-01 1.39E-01 9.36E-01 5.65E+00 0.00E+00 

LN_Wind -1.32E-01 6.90E-02 -9.90E-02 -1.92E+00 6.30E-02 

LN_S1 8.77E-01 2.24E-01 2.04E-01 3.92E+00 0.00E+00 

TypeA -1.22E-01 4.90E-02 -1.61E-01 -2.46E+00 1.80E-02 

TypeB -9.88E-01 1.17E-01 -1.41E+00 -8.45E+00 0.00E+00 

STGS_A-C/BET-

RE-5 

(Constant) 5.39E-01 4.84E-01  1.11E+00 2.72E-01 

LN_Cap 3.90E-01 6.50E-02 1.00E+00 6.04E+00 0.00E+00 

LN_Diam 6.47E-01 1.43E-01 7.70E-01 4.53E+00 0.00E+00 

LN_Height 1.35E-01 8.10E-02 1.44E-01 1.65E+00 1.06E-01 

LN_S1 6.95E-01 2.46E-01 1.62E-01 2.82E+00 7.00E-03 

TypeB -6.67E-01 1.47E-01 -9.48E-01 -4.54E+00 0.00E+00 
*e.g., STGS_A-C/BET-RE-1 means: model for storage structure subtypes A-C (STGS_A-C)); using the backward elimination technique 

(BET); to estimate the amount of reinforcement (RE); the # indicates the number of the model developed using that technique. 
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Table 10: Models using the FST for the amount of reinforcement required in storage structure subtypes A-C 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

STGS_A-C/FST-

RE-1 

(Constant) 3.73E+00 3.55E-01  1.05E+01 0.00E+00 

LN_Cap 3.12E-01 3.50E-02 8.05E-01 9.00E+00 0.00E+00 

STGS_A-C/FST-

RE-2 

(Constant) 1.94E+00 4.50E-01  4.31E+00 0.00E+00 

LN_Cap 3.59E-01 2.90E-02 9.24E-01 1.23E+01 0.00E+00 

LN_Height 3.58E-01 7.00E-02 3.84E-01 5.11E+00 0.00E+00 

STGS_A-C/FST-

RE-3 

(Constant) 2.08E+00 4.38E-01  4.75E+00 0.00E+00 

LN_Cap 3.56E-01 2.80E-02 9.16E-01 1.27E+01 0.00E+00 

LN_Height 3.10E-01 7.10E-02 3.32E-01 4.36E+00 0.00E+00 

LN_S1 6.56E-01 3.12E-01 1.53E-01 2.11E+00 4.10E-02 

STGS_A-C/FST-

RE-4 

(Constant) 1.31E+00 5.51E-01  2.38E+00 2.20E-02 

LN_Cap 5.01E-01 7.20E-02 1.29E+00 6.92E+00 0.00E+00 

LN_Height 1.55E-01 9.90E-02 1.67E-01 1.57E+00 1.23E-01 

LN_S1 6.86E-01 2.99E-01 1.60E-01 2.29E+00 2.70E-02 

TypeB -3.35E-01 1.55E-01 -4.76E-01 -2.17E+00 3.60E-02 
*e.g., STGS_A-C/FST-RE-1 means: model for storage structure subtypes A-C (STGS_A-C)); using the forward selection technique (FST); to 

estimate the amount of reinforcement (RE); the # indicates the number of the model developed using that technique. 
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4.3.3.1 Statistical significance of developed models 

All the models developed using the two techniques were statistically significant at the 95 percent 

confidence interval (α=0.05) as indicated by the significance of their F-test from the analysis of 

variance (ANOVA) (see the Sig. column in Table 11 for the concrete and Table 12 for reinforcement 

models for the different storage structure subtypes). See Appendix B (B.1) for the ANOVA tables for 

the CMQ models for tall-frame structure subtypes. 

Table 11: Statistical significance of concrete models using the BET and FST for storage structures 

Technique 

used 

Model Sum of 

Squares 

df Mean 

Square 

F Sig. 

BET STGS_A-

C/BET-CO-1 

Regression 5.87E+00 9.00E+00 6.52E-01 8.57E+01 0.00E+00 

Residual 2.74E-01 3.60E+01 8.00E-03     
Total 6.14E+00 4.50E+01       

STGS_A-

C/BET-CO-2 

Regression 5.87E+00 8.00E+00 7.34E-01 9.91E+01 0.00E+00 

Residual 2.74E-01 3.70E+01 7.00E-03     
Total 6.14E+00 4.50E+01       

STGS_A-

C/BET-CO-3 

Regression 5.87E+00 7.00E+00 8.39E-01 1.16E+02 0.00E+00 

Residual 2.74E-01 3.80E+01 7.00E-03     
Total 6.14E+00 4.50E+01       

STGS_A-

C/BET-CO-4 

Regression 5.87E+00 6.00E+00 9.78E-01 1.38E+02 0.00E+00 

Residual 2.76E-01 3.90E+01 7.00E-03     
Total 6.14E+00 4.50E+01       

FST STGS_A-

C/FST-CO-1 

Regression 4.54E+00 1.00E+00 4.54E+00 1.24E+02 0.00E+00 

Residual 1.61E+00 4.40E+01 3.70E-02     
Total 6.14E+00 4.50E+01       

STGS_A-

C/FST-CO-2 

Regression 5.28E+00 2.00E+00 2.64E+00 1.31E+02 0.00E+00 

Residual 8.65E-01 4.30E+01 2.00E-02     
Total 6.14E+00 4.50E+01       

STGS_A-

C/FST-CO-3 

Regression 5.41E+00 3.00E+00 1.80E+00 1.04E+02 0.00E+00 

Residual 7.31E-01 4.20E+01 1.70E-02     
Total 6.14E+00 4.50E+01       

STGS_A-

C/FST-CO-4 

Regression 5.66E+00 4.00E+00 1.42E+00 1.20E+02 0.00E+00 

Residual 4.85E-01 4.10E+01 1.20E-02     
Total 6.14E+00 4.50E+01       

STGS_A-

C/FST-CO-5 

Regression 5.78E+00 5.00E+00 1.16E+00 1.28E+02 0.00E+00 

Residual 3.62E-01 4.00E+01 9.00E-03     
Total 6.14E+00 4.50E+01       
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Table 12: Statistical significance of reinforcement models using the BET and FST for storage structures 

Technique 

used 

Model Sum of 

Squares 

df Mean 

Square 

F Sig. 

BET STGS_A-

C/BET-RE-1 

Regression 5.04E+00 9.00E+00 5.60E-01 3.67E+01 0.00E+00 

Residual 5.49E-01 3.60E+01 1.50E-02     
Total 5.59E+00 4.50E+01       

STGS_A-

C/BET-RE-2 

Regression 5.04E+00 8.00E+00 6.30E-01 4.24E+01 0.00E+00 

Residual 5.50E-01 3.70E+01 1.50E-02     
Total 5.59E+00 4.50E+01       

STGS_A-

C/BET-RE-3 

Regression 5.04E+00 7.00E+00 7.20E-01 4.96E+01 0.00E+00 

Residual 5.51E-01 3.80E+01 1.40E-02     
Total 5.59E+00 4.50E+01       

STGS_A-

C/BET-RE-4 

Regression 5.03E+00 6.00E+00 8.39E-01 5.87E+01 0.00E+00 

Residual 5.57E-01 3.90E+01 1.40E-02     
Total 5.59E+00 4.50E+01       

STGS_A-

C/BET-RE-5 

Regression 4.93E+00 5.00E+00 9.87E-01 6.01E+01 0.00E+00 

Residual 6.57E-01 4.00E+01 1.60E-02     
Total 5.59E+00 4.50E+01       

FST STGS_A-

C/FST-RE-1 

Regression 3.62E+00 1.00E+00 3.62E+00 8.10E+01 0.00E+00 

Residual 1.97E+00 4.40E+01 4.50E-02     
Total 5.59E+00 4.50E+01       

STGS_A-

C/FST-RE-2 

Regression 4.37E+00 2.00E+00 2.18E+00 7.67E+01 0.00E+00 

Residual 1.22E+00 4.30E+01 2.80E-02     
Total 5.59E+00 4.50E+01       

STGS_A-

C/FST-RE-3 

Regression 4.48E+00 3.00E+00 1.49E+00 5.67E+01 0.00E+00 

Residual 1.11E+00 4.20E+01 2.60E-02     
Total 5.59E+00 4.50E+01       

STGS_A-

C/FST-RE-4 

Regression 4.60E+00 4.00E+00 1.15E+00 4.74E+01 0.00E+00 

Residual 9.93E-01 4.10E+01 2.40E-02     
Total 5.59E+00 4.50E+01       

 

4.3.4 Comparison 

4.3.4.1 Number of statistically significant IVs 

One of the criteria used to determine which technique provided the best models was to determine 

which one produced models with the highest number of significant IVs38F

39; that is, which technique 

extracted more information from the dataset. To do that, the minimum39F

40 number of significant IVs 

(i.e., those with a coefficient statistically significant from zero with α=0.05) used in the models 

developed using the BET was compared to the maximum40 F

41 number of significant IVs used in the 

models developed using the FST. The significance of the IVs used by the different models can be 

determined from the “Sig.” column from the developed models (Table 7 through Table 10 in section 

                                                      

39 The key element here is “significant”. It is true that the BET will provide models with more IVs than the FST; 

however, not all the IVs from those models might be statistically significant. 
40 Minimum because the interest is in the number of variables that are left after the process for the BET is 

finished (i.e., since the first model includes all the IVs, how many IVs are in the model with the least amount of 

IVs?) 
41 Maximum because the interest is in the number of variables that are added after the process for the FST is 

finished (i.e., since the first model does not include any IV, just the constant term, how many IVs were in the 

model with the highest number of IVs?) 
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4.3.3 for storage structure subtypes A-C and Appendix B (B.1) for tall-frame structure subtypes A-L). 

This information is summarized in Table 13. 

Table 13: Number of significant IVs utilized in the models using the BET and FST 

 

As can be seen in Table 13, in all the structure subtypes and CMQs evaluated, the (minimum) number 

of significant IVs used in the models developed using the BET is consistently greater than the 

(maximum) number of IVs used in the models developed using the FST, indicating that models 

developed using the BET extract more relevant information from the datasets. 

The fact that the BET has a higher number of significant IVs than the FST was because when using the 

FST, IVs that had a significant effect on the DV were excluded from the regression model. In general, 

if there were two correlated IVs that have a significant effect on the DV, once the first IV was 

included into the regression equation, the second did not provide a substantial improvement to the 

model, hence not making it to the model. This did not happen when the BET was used because the 

process is reversed. For example, in the models for the estimation of concrete the ground acceleration 

(LN_S1) was a significant variable (significance of the t-test < 0.05) and included in all the concrete 

models using the BET (Table 7); however, its effect was shadowed by other IVs and not included in 

the concrete models developed using the FST (Table 8). Similarly, in the models for the estimation of 

reinforcement the diameter (LN_Diam) was a significant variable (significance of the t-test < 0.05) 

and included in all the reinforcement models using the BET (Table 9); however, this IV did not make 

it in any of the reinforcement models developed using the FST (Table 10). 

4.3.4.2 Metrics for model accuracy 

The other criterion used to determine which technique provided the best models was to look at their 

performance. The metrics used are summarized in section 4.3.2.4. Table 14 shows the values of the 

metrics related to the models using the BET and FST to estimate the CMQs for the different structure 

subtypes (section 4.3.3). To avoid problems interpreting the results of the metrics from the developed 

models (i.e., using the transformed datasets) the metrics were calculated using the values from the 

back-transformed models (Equation (6)); therefore, all the statistics reported (e.g., R2, Adj R2, AICc) 

correspond to the back-transformed data instead of the natural logarithm data. 

The notation used in Equation (24) was modified to match the content of the estimated and actual 

values (i.e., CMQs) and rewritten as Equation (51). 

 
100

(%)
 

   
 


est act

act

CMQ CMQ
MAPE

n CMQ
 (51) 

Where, 

CMQest : estimated amount 

CMQact : actual amount 

  

Type Subtype BET FST BET FST BET FST BET FST BET FST BET FST BET FST

Storage A-C - - - - - - - - - - 6 5 5 3

Tall-frame A-L 6 5 6 5 5 4 5 4 5 4 - - - -

Reinforcement

Upper structure Foundation Total

Structure Concrete Reinforcement Structural Steel Concrete Reinforcement Concrete
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Table 14: Performance metrics for models using the BET and FST to estimate CMQs 

Structure subtype Material Model MAPE R2 Adj R2 AICc 

S
to

ra
g

e 
st

ru
ct

u
re

 s
u

b
ty

p
es

 A
-C

 

C
o

n
cr

et
e 

STGS_A-C/BET-CO-1 5.49E-02 9.50E-01 9.23E-01 6.05E+02 

STGS_A-C/BET-CO-2 5.49E-02 9.50E-01 9.26E-01 6.02E+02 

STGS_A-C/BET-CO-3 5.50E-02 9.51E-01 9.30E-01 5.98E+02 

STGS_A-C/BET-CO-4 5.50E-02 9.53E-01 9.36E-01 5.93E+02 

STGS_A-C/FST-CO-1 1.51E-01 7.49E-01 7.27E-01 6.56E+02 

STGS_A-C/FST-CO-2 1.04E-01 8.32E-01 8.09E-01 6.40E+02 

STGS_A-C/FST-CO-3 9.91E-02 8.75E-01 8.51E-01 6.29E+02 

STGS_A-C/FST-CO-4 8.21E-02 9.18E-01 8.98E-01 6.12E+02 

STGS_A-C/FST-CO-5 7.01E-02 9.24E-01 9.01E-01 6.12E+02 

R
ei

n
fo

rc
em

en
t 

STGS_A-C/BET-RE-1 9.08E-02 8.92E-01 8.32E-01 4.72E+02 

STGS_A-C/BET-RE-2 9.08E-02 8.92E-01 8.40E-01 4.68E+02 

STGS_A-C/BET-RE-3 9.06E-02 8.91E-01 8.45E-01 4.65E+02 

STGS_A-C/BET-RE-4 9.06E-02 8.86E-01 8.46E-01 4.64E+02 

STGS_A-C/BET-RE-5 9.82E-02 8.86E-01 8.52E-01 4.61E+02 

STGS_A-C/FST-RE-1 1.73E-01 6.45E-01 6.13E-01 5.03E+02 

STGS_A-C/FST-RE-2 1.43E-01 7.54E-01 7.19E-01 4.89E+02 

STGS_A-C/FST-RE-3 1.35E-01 7.83E-01 7.42E-01 4.85E+02 

STGS_A-C/FST-RE-4 1.24E-01 7.99E-01 7.50E-01 4.85E+02 

T
al

l-
fr

am
e 

st
ru

ct
u

re
 s

u
b

ty
p

es
 A

-L
 

C
o

n
cr

et
e 

(u
p

p
er

 s
tr

u
ct

u
re

) TFS_A-L/US/BET-CO-1 5.87E-02 9.59E-01 9.58E-01 -9.69E+03 

TFS_A-L/US/BET-CO-2 5.87E-02 9.59E-01 9.58E-01 -9.69E+03 

TFS_A-L/US/FST-CO-1 2.26E-01 5.24E-01 5.23E-01 -4.21E+03 

TFS_A-L/US/FST-CO-2 1.20E-01 8.93E-01 8.93E-01 -7.58E+03 

TFS_A-L/US/FST-CO-3 8.97E-02 9.19E-01 9.19E-01 -8.19E+03 

TFS_A-L/US/FST-CO-4 6.59E-02 9.53E-01 9.53E-01 -9.42E+03 

TFS_A-L/US/FST-CO-5 6.16E-02 9.53E-01 9.53E-01 -9.43E+03 

R
ei

n
fo

rc
em

en
t 

(u
p

p
er

 s
tr

u
ct

u
re

) TFS_A-L/US/BET-RE-1 5.97E-02 9.68E-01 9.67E-01 -1.79E+04 

TFS_A-L/US/BET-RE-2 5.97E-02 9.68E-01 9.67E-01 -1.79E+04 

TFS_A-L/US/FST-RE-1 2.64E-01 6.47E-01 6.46E-01 -1.25E+04 

TFS_A-L/US/FST-RE-2 1.88E-01 8.09E-01 8.09E-01 -1.39E+04 

TFS_A-L/US/FST-RE-3 8.64E-02 9.37E-01 9.37E-01 -1.64E+04 

TFS_A-L/US/FST-RE-4 6.61E-02 9.62E-01 9.62E-01 -1.75E+04 

TFS_A-L/US/FST-RE-5 6.31E-02 9.62E-01 9.62E-01 -1.75E+04 

S
tr

u
ct

u
ra

l 
st

ee
l 

(u
p

p
er

 s
tr

u
ct

u
re

) TFS_A-L/US/BET-ST-1 2.49E-02 9.97E-01 9.97E-01 -1.09E+04 

TFS_A-L/US/BET-ST-2 2.49E-02 9.97E-01 9.97E-01 -1.09E+04 

TFS_A-L/US/FST-ST-1 7.13E-02 9.83E-01 9.83E-01 -8.98E+03 

TFS_A-L/US/FST-ST-2 2.75E-02 9.96E-01 9.96E-01 -1.07E+04 

TFS_A-L/US/FST-ST-3 2.52E-02 9.97E-01 9.97E-01 -1.08E+04 

TFS_A-L/US/FST-ST-4 2.51E-02 9.97E-01 9.97E-01 -1.09E+04 

C
o

n
cr

et
e 

(f
o

u
n
d

at
io

n
) 

TFS_A-L/FND/BET-CO-1 1.39E-01 7.38E-01 7.30E-01 5.15E+01 

TFS_A-L/FND/BET-CO-2 1.39E-01 7.37E-01 7.30E-01 4.93E+01 

TFS_A-L/FND/BET-CO-3 1.40E-01 7.37E-01 7.30E-01 4.76E+01 

TFS_A-L/FND/FST-CO-1 2.35E-01 3.22E-01 3.17E-01 2.86E+02 

TFS_A-L/FND/FST-CO-2 1.77E-01 6.64E-01 6.60E-01 1.04E+02 

TFS_A-L/FND/FST-CO-3 1.52E-01 6.94E-01 6.89E-01 8.22E+01 

TFS_A-L/FND/FST-CO-4 1.40E-01 7.34E-01 7.29E-01 4.78E+01 

R
ei

n
fo

rc
em

en
t 

(f
o

u
n
d

at
io

n
) 

TFS_A-L/FND/BET-RE-1 1.46E-01 7.18E-01 7.10E-01 -1.49E+03 

TFS_A-L/FND/BET-RE-2 1.47E-01 7.18E-01 7.11E-01 -1.49E+03 

TFS_A-L/FND/BET-RE-3 1.46E-01 7.17E-01 7.11E-01 -1.50E+03 

TFS_A-L/FND/FST-RE-1 2.37E-01 3.13E-01 3.08E-01 -1.27E+03 

TFS_A-L/FND/FST-RE-2 1.81E-01 6.52E-01 6.48E-01 -1.45E+03 

TFS_A-L/FND/FST-RE-3 1.56E-01 6.75E-01 6.70E-01 -1.46E+03 

TFS_A-L/FND/FST-RE-4 1.47E-01 7.14E-01 7.08E-01 -1.49E+03 
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Depending on the metric used (e.g., MAPE, R2, Adj R2, AICc), the determination of which model 

provides the best results varies; however, as shown in Table 14, no matter which metric is considered, 

the models developed using the BET had better metrics than the models developed using the FST. 

For example, when looking at the MAPE values for the concrete models for storage structure subtypes 

A-C (STGS_A-C/BET-CO-1 thru STGS_A-C/FST-CO-4 in Table 14), it is apparent that the models 

using the BET (highest and lowest MAPE of 5.50% and 5.49% respectively) perform better that those 

using the FST (highest and lowest MAPE of 15.1% and 7.01% respectively); however, there are 

several models with the same MAPE (STGS_A-C/BET-CO-1 and STGS_A-C/BET-CO-2 with a 

MAPE of 5.49%), making it difficult to determine which of the two to choose. In addition, the values 

for the MAPEs for the different models using the BET are so close (best MAPE of 5.49% vs. next best 

MAPE of 5.50%) that it is difficult to say that there is a meaningful difference between the two. 

Therefore, from a practical point of view, MAPE is not a useful metric as it cannot really assist 

practitioners to make a clear selection of a model. 

In addition, the values for the MAPEs for the different models using the BET are so close (5.50% vs. 

5.49%) that it would be difficult to make a meaningful selection (see section 4.4). 

Similarly, when looking at the values for the R2 and Adj R2 metrics, the models using the BET 

(highest and lowest R2 of 95.3% and 95.0% respectively, and highest and lowest Adj R2 of 93.6% and 

92.3% respectively) are better that those using the FST (highest and lowest R2 of 92.4% and 74.9% 

respectively, and highest and lowest Adj R2 of 90.1% and 72.7% respectively). But the decision on 

which model performs better is not clear. It appears that STGS_A-C/BET-CO-3 and STGS_A-C/BET-

CO-4 perform slightly better (95.1% and 95.3% vs. 95.0%) than the other two. 

Finally, when looking at the AICc, the models using the BET (highest and lowest AICc of 605 and 593 

respectively) perform better than the ones using the FST (highest and lowest AICc of 656 and 612 

respectively). In addition, the difference among models is more apparent, indicating that the model 

STGS_A-C/BET-CO-4, with the lowest AICc values (593), is the best performing model. This can also 

be seen when comparing the average of the different metrics for a given set of models (Table 15). 

Table 15: Average values for metrics from BET and FST models 

   Average values from Table 14 

Structure 

subtype 

Material Model MAPE R2 Adj R2 AICc 

Storage 

structure 

subtypes A-

C 

Concrete STGS_A-C/BET-CO-1-4 5.50E-02 9.51E-01 9.29E-01 6.00E+02 

STGS_A-C/FST-CO-1-5 1.01E-01 8.60E-01 8.37E-01 6.30E+02 

Reinforcement STGS_A-C/BET-RE-1-5 9.22E-02 8.89E-01 8.43E-01 4.66E+02 

STGS_A-C/FST-RE-1-4 1.44E-01 7.45E-01 7.06E-01 4.91E+02 

Tall-frame 

structure 

subtypes A-

L 

Concrete (upper 

structure) 

TFS_A-L/US/BET-CO-1-2 5.87E-02 9.59E-01 9.58E-01 -9.69E+03 

TFS_A-L/US/FST-CO-1-5 1.13E-01 8.49E-01 8.48E-01 -7.77E+03 

Reinforcement 

(upper structure) 

TFS_A-L/US/BET-RE-1-2 5.97E-02 9.68E-01 9.67E-01 -1.79E+04 

TFS_A-L/US/FST-RE-1-5 1.34E-01 8.63E-01 8.63E-01 -1.56E+04 

Structural steel 

(upper structure) 

TFS_A-L/US/BET-ST-1-2 2.49E-02 9.97E-01 9.97E-01 -1.09E+04 

TFS_A-L/US/FST-ST-1-4 3.73E-02 9.93E-01 9.93E-01 -1.03E+04 

Concrete 

(foundation) 

TFS_A-L/FND/BET-CO-1-3 1.39E-01 7.37E-01 7.30E-01 4.95E+01 

TFS_A-L/FND/FST-CO-1-4 1.76E-01 6.04E-01 5.99E-01 1.30E+02 

Reinforcement 

(foundation) 

TFS_A-L/FND/BET-RE-1-3 1.46E-01 7.18E-01 7.10E-01 -1.49E+03 

TFS_A-L/FND/FST-RE-1-4 1.80E-01 5.88E-01 5.83E-01 -1.42E+03 

 

Table 16 is based on the results from Table 14 and it indicates which model(s), for a given structure 

subtype and CMQ, has the best metric. For example, from the nine models for the estimation of 
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concrete in storage structure subtypes A-C, the models with the lowest MAPE correspond to STGS_A-

C/BET-CO-1 and STGS_A-C/BET-CO-2; therefore, those models for that metric are marked with (●). 

Table 16: Model with best metric (lowest MAPE or AICc; highest R2 or Adj R2) 

Structure subtype Material Model MAPE R2 Adj R2 AICc 

S
to

ra
g

e 
st

ru
ct

u
re

 s
u

b
ty

p
es

 A
-C

 

C
o

n
cr

et
e 

STGS_A-C/BET-CO-1 ●    

STGS_A-C/BET-CO-2 ●    

STGS_A-C/BET-CO-3     

STGS_A-C/BET-CO-4  ● ● ● 

STGS_A-C/FST-CO-1     

STGS_A-C/FST-CO-2     

STGS_A-C/FST-CO-3     

STGS_A-C/FST-CO-4     

STGS_A-C/FST-CO-5     

R
ei

n
fo

rc
em

en
t 

STGS_A-C/BET-RE-1  ●   

STGS_A-C/BET-RE-2  ●   

STGS_A-C/BET-RE-3 ●    

STGS_A-C/BET-RE-4 ●    

STGS_A-C/BET-RE-5   ● ● 

STGS_A-C/FST-RE-1     

STGS_A-C/FST-RE-2     

STGS_A-C/FST-RE-3     

STGS_A-C/FST-RE-4     

T
al

l-
fr

am
e 

st
ru

ct
u

re
 s

u
b

ty
p

es
 A

-L
 

C
o

n
cr

et
e 

(u
p

p
er

 s
tr

u
ct

u
re

) TFS_A-L/US/BET-CO-1 ● ● ● ● 

TFS_A-L/US/BET-CO-2 ● ● ● ● 

TFS_A-L/US/FST-CO-1     

TFS_A-L/US/FST-CO-2     

TFS_A-L/US/FST-CO-3     

TFS_A-L/US/FST-CO-4     

TFS_A-L/US/FST-CO-5     

R
ei

n
fo

rc
em

en
t 

(u
p

p
er

 s
tr

u
ct

u
re

) TFS_A-L/US/BET-RE-1 ● ● ● ● 

TFS_A-L/US/BET-RE-2 ● ● ● ● 

TFS_A-L/US/FST-RE-1     

TFS_A-L/US/FST-RE-2     

TFS_A-L/US/FST-RE-3     

TFS_A-L/US/FST-RE-4     

TFS_A-L/US/FST-RE-5     

S
tr

u
ct

u
ra

l 
st

ee
l 

(u
p

p
er

 s
tr

u
ct

u
re

) TFS_A-L/US/BET-ST-1 ● ● ● ● 

TFS_A-L/US/BET-ST-2 ● ● ● ● 

TFS_A-L/US/FST-ST-1     

TFS_A-L/US/FST-ST-2     

TFS_A-L/US/FST-ST-3  ● ●  

TFS_A-L/US/FST-ST-4  ● ● ● 

C
o

n
cr

et
e 

(f
o

u
n
d

at
io

n
) 

TFS_A-L/FND/BET-CO-1 ● ● ●  

TFS_A-L/FND/BET-CO-2 ●  ●  

TFS_A-L/FND/BET-CO-3   ● ● 

TFS_A-L/FND/FST-CO-1     

TFS_A-L/FND/FST-CO-2     

TFS_A-L/FND/FST-CO-3     

TFS_A-L/FND/FST-CO-4     

R
ei

n
fo

rc
em

en
t 

(f
o

u
n
d

at
io

n
) 

TFS_A-L/FND/BET-RE-1 ● ●   

TFS_A-L/FND/BET-RE-2  ● ●  

TFS_A-L/FND/BET-RE-3 ●  ● ● 

TFS_A-L/FND/FST-RE-1     

TFS_A-L/FND/FST-RE-2     

TFS_A-L/FND/FST-RE-3     

TFS_A-L/FND/FST-RE-4     
Legend: ● (model corresponding to best value for corresponding metric, e.g., lowest MAPE, highest R2) 
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4.3.5 Conclusion 

This study has shown that models using the BET consistently use a greater number of significant IVs 

when compared to models using the FST (Table 13). In addition, the best performance metrics 

corresponded to the models developed using BET (Table 14-Table 16). Therefore, the BET should be 

used to develop regression models, instead of the FST, in the proposed methodology. 

4.4 AICc vs. MAPE vs. R2 vs. Adj R2 

4.4.1 General information 

As show in the previous section (section 4.3), multiple models can be developed from the same 

dataset. Different metrics are used to determine which of the developed models produces the best 

future estimates. However, there is not a consensus on which performance metric to use (see sections 

2.3 and 2.6.1). Herein the following metrics have been evaluated to determine their capacity as 

selection metrics, i.e., which one to use when choosing the best performing models. 

1. The Mean Absolute Percentage Error (MAPE) (section 2.3.1, Equation (24)) 

2. The coefficient of determination (R2) (section 2.3.3, Equation (27)) 

3. The adjusted coefficient of determination (Adj R2) (section 2.3.3, Equation (28)) 

4. The modified Akaike Information Criterion (AICc) (section 2.3.4, Equation (30)) 

It is important to emphasize that the goal of this section is to check the metrics above for choosing a 

model from a set of models (i.e., selection metric), not for determining the performance of an 

individual model (i.e., performance metric). In other words, a good way to measure the performance of 

a given model can be done by determining its MAPE; however, the MAPE from the models of a set of 

models might not be the best metric when the goal is to choose the best model from a set to make 

future estimates. For example, if MAPE is used to choose a model from the developed models, when 

the chosen model (i.e., the one with the lowest MAPE) is presented with new data (i.e., data not used 

for model development), the MAPE of the validation test might not be the lowest when compared to 

the MAPE of the other developed models using the validation data. Therefore, the goal of this section 

was to determine if there is a metric, from the ones investigated, that consistently identified the model 

(from a set of developed models) which provided the most accurate estimates (as measured by the 

MAPE41F

42) during the validation test 42F

43. That is, a metric that chooses a model from the developed ones 

that matches the best performance from the validation test. 

4.4.2 Methodology 

The four performance metrics shown above were investigated to determine which of them would 

consistently lead to the best performing model (the one with the lowest error) when estimating CMQs 

for new structures (i.e., using the validation dataset); therefore, determining which metric to use when 

choosing a model from a set of developed models (i.e., selection metric). The general concept used to 

check the different metrics is illustrated in Figure 23. 

                                                      

42 As indicated in section 2.3.1, MAPE is the most common metric used to assess the performance of a single 

model. It is a measure of accuracy presented as a percentage and probably the most easily understood metric 

because it does not depend on the units of the estimated variable (Albright et al., 2003). 
43 Not to get confused here with the use of MAPE. In this study MAPE is used as both a metric for model 

selection (from a set of models) and a metric to determine the accuracy of a single model (what is the error 

between the estimated and actual amounts). The former is used from the developed models (i.e., training set) and 

the latter to determine the model accuracy (i.e., testing or validation set). 
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Figure 23: Overview of methodology used to test different selection metrics 

From section 4.3 it was determined that the BET models perform better than the FST models; 

therefore, only BET models were considered. The results from the different metrics herein tested were 

calculated in section 4.3.4.2 43F

44 (Table 14 for storage structure subtypes and tall-frame structure 

subtypes). These correspond to the “Selection metrics” box shown in Figure 23. Then, using the 

validation dataset, the MAPE for the different developed models was calculated (“Accuracy of 

developed models” box shown in Figure 23) and used to check if, for a given selection metric, the 

selected model from the developed ones matched the model with the lowest MAPE using the 

validation data. 

For example, for a given set of models and selection metric being evaluated (say Models 1 through n 

for a given structure subtype and CMQ using R2 as selection metric), the developed model 

corresponding with the best value for that metric (e.g., highest R2) would be chosen as the best 

model 44F

45. The validation data would then be applied to all the developed models and used to check the 

accuracy of the developed models by determining their MAPE 45F

46. When the model selected from the 

training dataset (i.e., the one with the highest R2) matched the model with better performance on the 

validation set (i.e., the one with the lowest MAPE), the metric being evaluated would be considered a 

reliable metric when choosing a model from a set of models; otherwise it would not. The process 

                                                      

44 Notice that in that section, these metrics were used to determine which technique (BET or FST) provided 

better models. 
45 This assumes that there was enough variation among the different R2 values from the different models. 
46 Once a model has been selected from a set of developed models, then the performance of the selected model 

can be checked using MAPE because it is a suitable metric for that purpose (i.e., it tells the error between the 

estimated and the actual amounts, and that is what we are interested in when checking the performance of the 

model we will be using). 
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summarizing the overall methodology followed for the evaluation of each performance metric and 

developed model is shown in Figure 24. 

Select model with best value for 

metric being evaluated (e.g., lowest 

MAPE and AICc; highest R2 and 

Adj R2)

Compare selected model with 

model with lowest MAPE from 

validation data

Are values useful 

when making 

selection?

Yes

No

Are the models the 

same?
Yes

Calculate MAPE for different 

developed models using validation 

(i.e., testing) dataset

Calculate value for metric being 

evaluated for different models 

developed using training dataset

No

The evaluated metric is not 

reliable/useful when used to choose 

the best model among a set of 

models

The evaluated metric is reliable/

useful when used to choose the 

best model among a set of models

 

Figure 24: Process for the investigation of each performance metric 

4.4.3 Results 

The validation dataset, consisting of data not utilized in the development of the different models, was 

used into the different developed models. The performance of the different models on the validation 

data was checked by determining the error using the MAPE. The results are summarized in Table 17. 
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Table 17: MAPE from BET models using the validation dataset 

Structure Subtype Material Model MAPE 

S
to

ra
g

e 
st

ru
ct

u
re

 

su
b

ty
p

es
 A

-C
 

Concrete STGS_A-C/BET-CO-1 3.79E-02 

STGS_A-C/BET-CO-2 3.80E-02 

STGS_A-C/BET-CO-3 3.59E-02 

STGS_A-C/BET-CO-4 3.48E-02 

Reinforcement STGS_A-C/BET-RE-1 7.78E-02 

STGS_A-C/BET-RE-2 7.77E-02 

STGS_A-C/BET-RE-3 8.00E-02 

STGS_A-C/BET-RE-4 8.42E-02 

STGS_A-C/BET-RE-5 7.44E-02 

T
al

l-
fr

am
e 

st
ru

ct
u

re
 

su
b

ty
p

es
 A

-L
 

Concrete (upper structure) TFS_A-L/US/BET-CO-1 5.90E-02 

TFS_A-L/US/BET-CO-2 5.89E-02 

Reinforcement (upper structure) TFS_A-L/US/BET-RE-1 6.04E-02 

TFS_A-L/US/BET-RE-2 6.04E-02 

Structural steel (upper structure) TFS_A-L/US/BET-ST-1 2.57E-02 

TFS_A-L/US/BET-ST-2 2.55E-02 

Concrete (foundation) TFS_A-L/FND/BET-CO-1 1.36E-01 

TFS_A-L/FND/BET-CO-2 1.35E-01 

TFS_A-L/FND/BET-CO-3 1.34E-01 

Reinforcement (foundation) TFS_A-L/FND/BET-RE-1 1.39E-01 

TFS_A-L/FND/BET-RE-2 1.38E-01 

TFS_A-L/FND/BET-RE-3 1.37E-01 

 

4.4.4 Comparison 

A comparison was made following the methodology for this section (section 4.4.2, Figure 23 and 

Figure 24), in which the selected model was compared with the model with the lowest MAPE when 

exposed to the validation data. Refer to Table 14 (section 4.3.4.2) for the values of the metrics related 

to the models for the storage structure subtypes A-C and tall-frame structure subtypes A-L. The results 

from Table 14 (metrics being evaluated) and Table 17 (MAPE from validation dataset from different 

estimation models) were combined and shown in Table 18. 
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Table 18: Comparison of each metric for the concrete and reinforcement BET models 

   From Table 14 
From 

Table 17 

Structure 

subtype 
Material Model MAPE R2 Adj R2 AICc 

MAPE 

validation 

S
to

ra
g

e 
st

ru
ct

u
re

 

su
b

ty
p

es
 A

-C
 

CO 

 

STGS_A-C/BET-CO-1 5.49E-02 9.50E-01 9.23E-01 6.05E+02 3.79E-02 

STGS_A-C/BET-CO-2 5.49E-02 9.50E-01 9.26E-01 6.02E+02 3.80E-02 

STGS_A-C/BET-CO-3 5.50E-02 9.51E-01 9.30E-01 5.98E+02 3.59E-02 

STGS_A-C/BET-CO-4 5.50E-02 9.53E-01 9.36E-01 5.93E+02 3.48E-02 

RE 

 

STGS_A-C/BET-RE-1 9.08E-02 8.92E-01 8.32E-01 4.72E+02 7.78E-02 

STGS_A-C/BET-RE-2 9.08E-02 8.92E-01 8.40E-01 4.68E+02 7.77E-02 

STGS_A-C/BET-RE-3 9.06E-02 8.91E-01 8.45E-01 4.65E+02 8.00E-02 

STGS_A-C/BET-RE-4 9.06E-02 8.86E-01 8.46E-01 4.64E+02 8.42E-02 

STGS_A-C/BET-RE-5 9.82E-02 8.86E-01 8.52E-01 4.61E+02 7.44E-02 

T
al

l-
fr

am
e 

st
ru

ct
u

re
 

su
b

ty
p

es
 A

-L
 

CO/US 

 

TFS_A-L/US/BET-CO-1 5.87E-02 9.59E-01 9.58E-01 -9.68E+03 5.90E-02 

TFS_A-L/US/BET-CO-2 5.87E-02 9.59E-01 9.58E-01 -9.69E+03 5.89E-02 

RE/US 

 

TFS_A-L/US/BET-RE-1 5.97E-02 9.68E-01 9.67E-01 -1.78E+04 6.05E-02 

TFS_A-L/US/BET-RE-2 5.97E-02 9.68E-01 9.67E-01 -1.79E+04 6.04E-02 

ST/US 

 

TFS_A-L/US/BET-ST-1 2.49E-02 9.97E-01 9.97E-01 -1.09E+04 2.57E-02 

TFS_A-L/US/BET-ST-2 2.49E-02 9.97E-01 9.97E-01 -1.09E+04 2.55E-02 

CO/FND 

 

TFS_A-L/FND/BET-CO-1 1.39E-01 7.38E-01 7.30E-01 5.15E+01 1.36E-01 

TFS_A-L/FND/BET-CO-2 1.39E-01 7.37E-01 7.30E-01 4.93E+01 1.35E-01 

TFS_A-L/FND/BET-CO-3 1.40E-01 7.37E-01 7.30E-01 4.76E+01 1.34E-01 

RE/FND TFS_A-L/FND/BET-RE-1 1.46E-01 7.18E-01 7.10E-01 -1.49E+03 1.39E-01 

TFS_A-L/FND/BET-RE-2 1.47E-01 7.18E-01 7.11E-01 -1.49E+03 1.38E-01 

TFS_A-L/FND/BET-RE-3 1.46E-01 7.17E-01 7.11E-01 -1.50E+03 1.37E-01 

 

The next step was to select the model with the best metric. No specific criterion was used to select the 

model. As long as a model met the criterion for the metric being evaluated, it was selected. For 

example, for the models to estimate the amount of concrete in the foundation (CO/FND in the 

“Material” column in Table 18) of tall-frame structure subtypes A-L, the model with the highest R2 

value would be selected; in this case model TFS_A-L/FND/BET-CO-1 with an R2 of 73.80% (vs. 

73.70% from the other models). In the case where more than one model would be chosen, the 

corresponding metric would not be useful since it would not allow the estimator to make a clear 

selection. For example, for the models to estimate the amount of concrete in storage structure subtypes 

A-C, the model with the lowest MAPE would be selected; in this case models STGS_A-C/BET-CO-1 

and STGS_A-C/BET-CO-2 with a MAPE of 5.49% (vs. 5.50% from the other models). This analysis 

was done for the developed model and the information was coupled with results from the model with 

the lowest MAPE using the validation dataset (Table 18). The result from this is shown in Table 19. 
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Table 19: Selection of model with best value for each metric 

   From Table 14 
From 

Table 17 

Structure 

subtype 
Material Model MAPE R2 Adj R2 AICc 

MAPE 

validation 

S
to

ra
g

e 
st

ru
ct

u
re

 

su
b

ty
p

es
 A

-C
 

CO 

 

STGS_A-C/BET-CO-1 5.49E-02     

STGS_A-C/BET-CO-2 5.49E-02     

STGS_A-C/BET-CO-3      

STGS_A-C/BET-CO-4  9.53E-01 9.36E-01 5.93E+02 3.48E-02 

RE 

 

STGS_A-C/BET-RE-1  8.92E-01    

STGS_A-C/BET-RE-2  8.92E-01    

STGS_A-C/BET-RE-3 9.06E-02     

STGS_A-C/BET-RE-4 9.06E-02     

STGS_A-C/BET-RE-5   8.52E-01 4.61E+02 7.44E-02 

T
al

l-
fr

am
e 

st
ru

ct
u

re
 

su
b

ty
p

es
 A

-L
 

CO/US 

 

TFS_A-L/US/BET-CO-1 5.87E-02 9.59E-01 9.58E-01   

TFS_A-L/US/BET-CO-2 5.87E-02 9.59E-01 9.58E-01 -9.69E+03 5.89E-02 

RE/US 

 

TFS_A-L/US/BET-RE-1 5.97E-02 9.68E-01 9.67E-01   

TFS_A-L/US/BET-RE-2 5.97E-02 9.68E-01 9.67E-01 -1.79E+04 6.04E-02 

ST/US 

 

TFS_A-L/US/BET-ST-1 2.49E-02 9.97E-01 9.97E-01 -1.09E+04  

TFS_A-L/US/BET-ST-2 2.49E-02 9.97E-01 9.97E-01 -1.09E+04 2.55E-02 

CO/FND 

 

TFS_A-L/FND/BET-CO-1 1.39E-01 7.38E-01 7.30E-01   

TFS_A-L/FND/BET-CO-2 1.39E-01  7.30E-01   

TFS_A-L/FND/BET-CO-3   7.30E-01 4.76E+01 1.34E-01 

RE/FND TFS_A-L/FND/BET-RE-1 1.46E-01 7.18E-01    

TFS_A-L/FND/BET-RE-2  7.18E-01 7.11E-01   

TFS_A-L/FND/BET-RE-3 1.46E-01  7.11E-01 -1.50E+03 1.37E-01 

 

Table 19 was further simplified to show the corresponding model for each structure subtype and CMQ 

(Table 20). 

Table 20: Selection of model based on criterion for each metric 

Structure 

subtype 
Material Model MAPE R2 Adj R2 AICc 

MAPE 

validation 

S
to

ra
g

e 

S
tr

u
ct

u
re

 

su
b

ty
p

es
 A

-C
 Concrete 

STGS_A-

C/BET- 

CO-1 

and CO-

2 

CO-4 CO-4 CO-4 CO-4 

Reinforcement RE-3 

and RE-

4 

RE-1 

and RE-

2 

RE-5 RE-5 RE-5 

T
al

l-
fr

am
e 

st
ru

ct
u

re
 

su
b

ty
p

es
 A

-L
 

Concrete (upper 

structure) 

TFS_A-

L/US/BET- 

CO-1 

and CO-

2 

CO-1 

and CO-

2 

CO-1 

and CO-

2 

CO-2 CO-2 

Reinforcement 

(upper structure) 

RE-1 

and RE-

2 

RE-1 

and RE-

2 

RE-1 

and RE-

2 

RE-2 RE-2 

Structural steel 

(upper structure) 

ST-1 

and ST-

2 

ST-1 

and ST-

2 

ST-1 

and ST-

2 

ST-1 

and ST-

2 

ST-2 

Concrete 

(foundation) 

TFS_A-

L/FND/BET- 

CO-1 

and CO-

2 

CO-1 

CO-1, 

CO-2 

and CO-

3 

CO-3 CO-3 

Reinforcement 

(foundation) 

RE-1 

and RE-

3 

RE-1 

and RE-

2 

RE-2 

and RE-

3 

RE-3 RE-3 
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The results of this comparison are summarized in Table 21. The content of the first column (“Structure 

subtype”), second column (“Material”) and third column (“Performance metric”) is self-explanatory. 

The fourth column (“Only one model?”) checks whether there is only one model meeting the criteria 

for each metric (e.g., lowest MAPE and AICc; highest R2 and Adj R2) or not, so that one could make a 

clear selection on which of the developed models to choose (e.g., Table 19 or Table 20). The fifth 

column (“Model testing = Model with lowest MAPE from validation?”) checks whether the selected 

model from the set of developed ones for a given CMQ matched the model with the lowest MAPE 

using the validation set. In the case column four was “No”, then column five would be “not 

applicable” (N/A) as there would be more than one model that met the criterion for the metric 

investigated. If the answer from column four was “Yes”, and the model from the testing dataset 

corresponds to the model with the lowest MAPE from the validation dataset, then, there was a match 

and the answer in column five would also be “Yes”; otherwise it would be “No”. The sixth column 

(“Reliable/useful when choosing a model?”) just summarizes the result from the entire comparison by 

indicating whether the metric is reliable (or useful) when choosing a model from a set of models to 

make CMQ estimates. That is, the metric can clearly identify a model from a set of models (there are 

not two or more models with the same value for a given metric, making the selection of the model 

impractical) and the selected model has the best performance (i.e., lowest average errors → lowest 

MAPE) when used with testing data. 

Table 21: Comparison of each metric for the concrete and reinforcement models for storage structure subtypes A-C 

(1) Structure 

Subtype 

(2) 

Material 

(3) 

Performance 

metric 

(4) Only 

one 

model? 

(Table 19) 

(5) Model testing (Table 14) = 

Model with lowest MAPE from 

validation (Table 19)? 

(6) 

Reliable/useful 

when choosing 

a model? 

S
to

ra
g

e 
st

ru
ct

u
re

 

su
b

ty
p

es
 A

-C
 

CO 

 

MAPE No N/A No 

R2 Yes Yes Yes 

Adj R2 Yes Yes Yes 

AICc Yes Yes Yes 

RE 

 

MAPE No N/A No 

R2 No N/A No 

Adj R2 Yes Yes Yes 

AICc Yes Yes Yes 

T
al

l-
fr

am
e 

st
ru

ct
u

re
 s

u
b

ty
p

es
 A

-L
 

 

CO/US 

RE/US 

MAPE No N/A No 

R2 No N/A No 

Adj R2 No N/A No 

AICc Yes Yes Yes 

 

ST/US 

CO/FND 

MAPE No N/A No 

R2 No N/A No 

Adj R2 No N/A No 

AICc Yes Yes Yes 

 

RE/FND 
MAPE No N/A No 

R2 No N/A No 

Adj R2 No N/A No 

AICc No N/A No 

CO 

 

MAPE No N/A No 

R2 Yes No No 

Adj R2 No N/A No 

AICc Yes Yes Yes 

RE MAPE No N/A No 

R2 No N/A No 

Adj R2 No N/A No 

AICc Yes Yes Yes 
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The following shows an example of how Table 21 was filled out. Using the metrics from the models to 

estimate the amount of concrete in the foundation of tall-frame structure subtypes A-L (highlighted in 

light grey in Table 21), one can see (Table 19 or Table 20) that for MAPE and Adj R2, more than two 

models met the criteria for those metrics. In the case of MAPE, models TFS_A-L/FND/BET-CO-1 and 

TFS_A-L/FND/BET-CO-2 had a value of 13.90% and in the case of Adj R2 models TFS_A-

L/FND/BET-CO-1, TFS_A-L/FND/BET-CO-2 and TFS_A-L/FND/BET-CO-3 had a value of 73.00%; 

therefore, column 4 for MAPE and Adj R2 was filled out with “No”. In the case of R2 and AICc only 

one model met the criteria for those metrics (TFS_A-L/FND/BET-CO-1 for R2 and TFS_A-

L/FND/BET-CO-3 for AICc); therefore, column 4 for R2 and AICc was filled out with “Yes”. In 

column five, one should look at the model with the lowest MAPE when exposed to the validation 

dataset. For MAPE and Adj R2 the answer was “N/A” because column four was “No” (i.e., more than 

one model was available making the selection uncertain); consequently, the answer for those metrics 

in column six was also “No”. For R2, the selected model (TFS_A-L/FND/BET-CO-1) did not match the 

model with the lowest MAPE from the validation dataset (TFS_A-L/FND/BET-CO-3); therefore, the 

answer in column five was “No”; consequently, the answer in column six was also “No”. For AICc, 

the best model from this metric matched the model with the lowest MAPE from the validation dataset 

(TFS_A-L/FND/BET-CO-3); therefore, the answer in column five and six was “Yes”, indicating that 

this metric would be effective in selecting a model from a set which would also be the best model 

when exposed to data not used for its development. 

In general, Table 21 (column 6) shows that AICc was the metric that provided a clear selection on 

which model to use from the set of developed models, followed by Adj R2 and R2. For MAPE, always 

more than one model could have been selected (Table 22). It also shows (Table 21, column 6) that 

AICc was the metric with the highest success rate (i.e., the model with the best metric corresponded to 

the best model during validation), followed by the Adj R2. The MAPE was the one with the least 

success rate (i.e., the model with the best MAPE did not correspond to the best model during 

validation) (Table 23). 

Table 22: Percentage of times only one model could be selected 

MAPE R2 Adj R2 AICc 

0% 29% 29% 86% 

Table 23: Percentage of times a given metric was reliable/useful when choosing a model 

MAPE R2 Adj R2 AICc 

0% 14% 29% 86% 

 

4.4.5 Conclusion 

From this analysis, it was apparent that some metrics were better than others when used to select a 

model from a set of models to estimate CMQs. In general MAPE did not provide a clear distinction 

among the different models using the BET and was not a reliable metric when choosing a model. This 

was also true with the R2 and in some cases the Adj R2 (Table 22 and Table 23). In most cases, AICc 

allowed for a clear distinction regarding the performance of the different models and choosing a model 

that matched the model with the lower error (MAPE) when exposed to the validation dataset (Table 

23). 

When using the modified Akaike Information Criterion (AICc) as the selection metric to choose a 

model from a set of models, one would have a higher probability of selecting the model with better 

performance (i.e., lower errors) in future estimates, or the most accurate model, not only because, by 

definition, it has the least amount of information loss (section 2.3.4), but because it would correspond 
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to the best performing model when estimating new cases (i.e., when exposed to the validation dataset). 

Therefore, the metric used in the proposed methodology to select a model from a set of models was the 

AICc metric. 

4.5 Similarity function using the City-block distance with adjusted unstandardized 

coefficients as weights vs. other similarity functions 

4.5.1 General information 

Different distance functions and weights can be used when determining the similarity between the 

target and existing structures. For this study, the most common distance functions were investigated 

(i.e., City-block and Euclidean distances), considering also different weights to account for the relative 

importance of the different parameters. The weights were derived from the selected regression models 

for the different structure types and CMQs, and from feature counting (i.e., equal weighting). In total, 

eight distance-weight combinations (Table 24) were investigated to determine which one provided the 

best results (i.e., lower MAPEs). 

4.5.2 Methodology 

The distances between the target and the existing structures were determined using the nearest 

neighbor approach with a form of the Minkowski distance (Equation (22), duplicated below for 

convenience; originally included in section 2.2.2.2). The distances were adjusted using four different 

types of weights. Once the weighted distance was determined, Equation (23) (duplicated below for 

convenience; originally included in section 2.2.2.2) was used to determine the similarity between the 

target and existing structures. 

  
1/

1

( , )  



  
n m

p

o j adj oi ji i adj

i

Dist X X x x w  
(22) 

(duplicated) 

 ( , ) 1 ( , ) o j o j adjSim X X Dist X X  
(23) 

(duplicated) 

The distances and weights used are described below. 

1. Distance functions (used to determine the similarity): 

a. the City-block distance (p=m=1), and 

b. the Euclidean distance (p=m=2). 

 

2. Weights applied to the difference between parameters for the target and existing structures: 

a. adjusted (to account for the scaling of the data between 0 and 1) unstandardized 

coefficients from the regression analysis models using the transformed (LN) data set 46F

47, 

b. unadjusted (not taking into account the scaling of the data between 0 and 1) 

unstandardized coefficients from the regression analysis models using the transformed 

(LN) data set,  

                                                      

47 In the development of the regression models, the linear regression equation form (Equation (5)) was used by 

taking the natural logarithms of both CMQs and the parameters. It was then transformed to a nonlinear equation 

(Equation (6). Therefore to be compatible with Equation (5), and for the ease of computation, the natural log 

values of the variables are used for the scaling process. 
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c. standardized coefficients from the regression analysis models using the transformed (LN) 

data set, and 

d. equal weights (i.e., feature counting), in which the weights applied are 1/k, and k is the 

number of parameter being compared to determine the distance. 

The eight cases summarized in Table 24, were evaluated at each similarity threshold (section 4.7) 

using the process shown in Figure 2547F

48 for every structure subtype and CMQ scenario (Table 5 in 

section 4.2). To be able to generalize, the results for each structure subtype and CMQs were combined. 

The overall performance of the different cases, for the different similarity thresholds, was evaluated 

using the errors from the validation dataset for all CMQs and structure subtypes. As with the analysis 

done in the previous section (section 4.4), MAPE was used to determine the performance of the 

individual models when using the validation dataset. 

Table 24: Cases for the evaluation of the distance and weight combination 

 Weights 

Distance (used to 

determine 

Similarity) 

Adjusted 

unstandardized 

coefficients (wt1) 48F

49 

Unstandardized 

coefficients (wt2) 

Standardized 

coefficients (wt3) 

Feature counting 

(i.e., equal weights) 

(wt4) 

City-block (SF1) Case1 Case 2 Case 3 Case 4 

Euclidean (SF2) Case 5 Case 6 Case 7 Case 8 

 

                                                      

48 The process in Figure 25 was also used in the evaluations made in section 4.6 and section 4.7. 
49 Refer to Appendix D for more information about the adjusted unstandardized coefficients (wt1). 
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i≤ n

i=i+1

Sim≥SimThres

Enter target structure j (known 

parameters and CMQs, i.e., 

CMQoj) (from structure j to k)

Calculate difference between 

estimated CMQs (CMQjm’i -

CMQomi) and add it to CMOoi

j=1

Sim<SimThres

Gather actual CMQ for existing 

structures (CMQoi) and determine 

estimated CMQ using selected 

regression model (CMQomi)

Vary similarity threshold 

(SimThres) from 0 to 100

Gather information from existing 

structure i (from structure i to n) 

(e.g., Simoij, CMQoi, CMQomi)

SimThres≤ 100

Skip this structure

i=i+1

i>n

SimThres=SimThres+10

SimThres>100

Calculate the adjusted CMQ for 

target structure j (CMQjadj) for 

each SimThres case (weighted 

according to Simoij)

Calculate % error using the actual CMQ for target structure j 

(CMQj) and Estimated CMQ (CMQjadj) calculated for the 

different SimThres cases (CMQjadj-CMQj)/CMQj

Calculate the similarity between 

target structure and existing 

structures (Simoij)

j≤ k
For all applicable

existing structures

∀ existing structures i ≠ target 

structure

j=j+1

j>k

Compare similarity (Sim) with 

similarity threshold (SimThres)

Calculate estimated CMQ for the 

target structure using selected 

regression model (CMQjm)

CMQjadj=

CMQj=

CMQoi

Sim=

100%

Modify estimated CMQ 

(CMQjm) to account for %error 

for similar structures (CMOjm’i)

 

Figure 25: Process for the evaluation of different CBR elements (e.g., Sim, SimThres, adaptation) 
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For this process (Figure 25), the validation cases for the different structure subtypes, and 

corresponding CMQs, were used as target structures (from j to k) and not included as existing cases 

(i.e., the case where Sim = 100% was not applicable). The structures used as existing cases (case-

based) were the structures used to develop the regression and NN models (from i to n). Therefore, this 

process assumes that there is n number of existing structures of the same subtype as the target 

structure. 

4.5.3 Results 

In total 3,840 events (48 structure subtype-CMQ scenarios49F

50 x 8 cases x 10 similarity threshold values) 

(see section 4.2, Table 5) were used to determine which case (i.e., distance and weight combination 

used in similarity function) produced the best results. For generalization purposes, the results for each 

structure subtype for the different CMQs evaluated were combined and summarized in Table 25 and 

Figure 26. They show the MAPE for all the CMQs in all structure subtypes at each similarity 

thresholds evaluated for the different distance-weight combinations (cases). 

Refer to Appendix C for the results obtained for the different cases in each structure subtype and 

corresponding CMQ. 

Table 25: Overall MAPE (%) for different distance-weight combinations (cases 1-8) for different similarity thresholds 

 Similarity threshold (%)  

Case No.* 0 10 20 30 40 50 60 70 80 90 Avg50F

51 (%) 

1 (SF1-wt1) 16.09 15.49 14.91 14.64 14.09 13.22 10.95 9.46 7.81 6.59 12.33 

2 (SF1-wt2) 16.09 15.76 15.07 14.62 14.37 13.32 11.65 10.48 9.23 7.35 12.79 

3 (SF1-wt3) 16.09 15.04 14.80 14.56 14.18 13.54 11.35 10.01 8.71 6.94 12.52 

4 (SF1-wt4) 16.09 16.09 16.07 15.83 15.49 14.43 13.04 10.60 8.59 8.20 13.44 

5 (SF2-wt1) 16.09 16.09 16.05 15.27 15.10 15.10 15.08 14.98 14.50 12.00 15.02 

6 (SF2-wt2) 16.09 16.09 16.09 16.09 15.09 15.06 15.02 14.95 14.62 12.77 15.19 

7 (SF2-wt3) 16.09 16.09 15.10 15.10 15.10 15.09 15.06 14.86 13.24 11.97 14.77 

8 (SF2-wt4) 16.09 16.09 16.09 16.09 16.09 16.09 16.09 16.09 16.09 15.66 16.05 
* Refer to Table 24 for details on the different cases 

                                                      

50 Not to get confused with the number of structures used for model development and testing (e.g., 58 storage 

structures), or the number of BET and FST models developed (e.g., 21 BET and 31 FST (52 total) for storage 

structures). This has to do with the number of events that resulted from the evaluation of the different structure 

subtype-CMQ scenarios, the number of cases (distance-weight combinations), and the number of similarity 

threshold values. 
51 Average MAPE value across all similarity thresholds (from 0% to 90%). 



Chapter 4 Investigation of key methodological aspects 

87 of 215 

 

Figure 26: Overall MAPE vs. SimThres for different distance-weight combinations (cases 1-8) 

4.5.4 Comparison 

The general behavior of the different cases evaluated has the same pattern. As the similarity threshold 

increases, MAPE decreases. However, some cases have a better performance than others. As shown in 

Table 25 and Figure 26, as the similarity threshold increases, the similarity functions using the City-

block distance (cases 1-4) provide better results than those obtained using the Euclidean distance 

(cases 5-8). This can be attributed to fact that when using the transformed and scaled parameters, 

independently of the weights used, in the Euclidean distances the differences between the different 

parameters are squared, dampening their effect (especially for small differences), making their 

contribution less significant. On the other hand, the City-block distance is the sum of distances along 

each dimension, making distances calculated with the City-block equation more sensible to differences 

among the different parameters 51F

52. This sensitivity is transferred to the selection of existing structures 

during the CBR retrieval phase. This is shown in the following example using the transformed and 

normalized data for storage structure subtype A (Table 26) to determine the distances between a target 

structure (ID T3) and selected existing storage structures (IDs 7, 8, 11, 12, 13) using the Euclidean and 

City-block equations. The results are summarized in Table 27. 

  

                                                      

52 As indicated, this is true when the transformed and scaled parameters are used, hence the difference for a 

given parameter between two structures (diff.) belong to an open interval (0, 1), so that 0 < diff. < 1 and diff.2 < 

diff. 
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Table 26: Transformed and normalized parameters used for comparison of distance calculation 

 Structure Transformed (ln) and normalized (0-1) parameters 

ID Type Subtype Cap Diam Height Wind sp Ground acc. Soil BC Soil factor 

T3 Storage A 0.50 0.37 0.85 0.17 1.00 0.55 0.72 

8 Storage A 0.47 0.19 0.57 0.55 0.06 0.58 0.75 

12 Storage A 0.54 1.00 0.80 0.75 0.78 0.28 0.90 

13 Storage A 0.61 0.37 0.93 0.09 0.75 0.55 0.72 

7 Storage A 0.73 0.70 1.00 0.88 0.01 0.37 1.00 

11 Storage A 0.74 0.70 0.83 0.82 0.37 0.07 0.81 

Table 27: Distances between target and existing structures using Euclidean and City-block equations 

Euclidean 

Distance between Cap Diam Height Wind sp Ground acc. Soil BC Soil factor Distance 

T3 and 8 0.00 0.03 0.08 0.15 0.88 0.00 0.00 1.07 

T3 and 12 0.00 0.40 0.00 0.34 0.05 0.07 0.03 0.95 

T3 and 13 0.01 0.00 0.01 0.01 0.06 0.00 0.00 0.29 

T3 and 7 0.05 0.11 0.02 0.51 0.98 0.03 0.08 1.34 

T3 and 11 0.06 0.11 0.00 0.42 0.40 0.23 0.01 1.11 

City-block 

Distance between Cap Diam Height Wind sp Ground acc. Soil BC Soil factor Distance 

T3 and 8 0.03 0.18 0.28 0.38 0.94 0.03 0.03 1.87 

T3 and 12 0.04 0.63 0.05 0.58 0.22 0.27 0.18 1.98 

T3 and 13 0.11 0.00 0.08 0.08 0.25 0.00 0.00 0.53 

T3 and 7 0.23 0.33 0.15 0.71 0.99 0.18 0.28 2.88 

T3 and 11 0.24 0.33 0.02 0.65 0.63 0.48 0.09 2.45 

 

As can be seen in Table 27, the differences between each parameter are damped in the Euclidean 

distances when compared to the City-block distances (e.g., for the diameter between T3 and 8 the 

differences are 0.03 and 0.18 for the Euclidean and City-block distances, respectively). Therefore, the 

City-block distance is more sensible to the differences between the target and existing structures. This 

sensitivity is transferred to the ranking of the existing structures (e.g., from more to less similar), their 

selection during the CBR retrieval phase, and ultimately affecting the basis for the estimation of the 

target structure. 

The results from Table 25 and Figure 26 also show that the type of weight used did not affect the 

results much (e.g., from Table 25, the greater variation52F

53 for Cases 1-4 was 2.09% (13.04% - 10.95%) 

when the similarity threshold was 60%). However, for the similarities using the City-block distance 

(Cases 1-4), the one using the adjusted unstandardized coefficients from the regression analysis 

models performed slightly better (i.e., with a MAPE across all the similarity thresholds of 12.33% vs. 

12.52% for the next closest case (Table 25)). This supports the importance of adjusting the regression 

coefficients indicated in section 3.3.1.4 and Appendix D. Another observation was that for those 

distances, the biggest drop in MAPE occurred when the similarity threshold changed from 50% to 

60% (e.g., from Table 25, for Cases 1-4 a drop of 1.88% was observed when the similarity threshold 

changed from 50% to 60%; see more on the investigation of the similarity thresholds in section 4.7). 

  

                                                      

53 Difference between maximum and minimum MAPE values for a given similarity threshold. 
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4.5.5 Conclusion 

This study has shown that Case 1 (similarity function using the City-block distance with adjusted 

unstandardized coefficients as weights) had a better performance (lower MAPEs) than the other seven 

cases evaluated. Therefore, the similarity using the City-block distance with the adjusted 

unstandardized coefficients from the selected regression model as weights, should be used to 

determine the similarity between the target and existing structures in the proposed methodology. 

4.6 Adaptation vs. no adaptation 

4.6.1 General information 

Although in many CBR applications the adaptation process is not used (An et al., 2007; Koo et al., 

2010; Kim, 2013; Kim & Shim, 2013; Choi et al., 2013), it is generally beneficial because during this 

process the variations between the target and existing cases are identified and changes are made to the 

proposed solution to account for the actual characteristics of the target case. The performance of the 

CBR process is investigated with adaptation and without adaptation 53F

54. 

4.6.2 Methodology 

From section 4.5 it was shown that the similarity function using the City-block distance with adjusted 

unstandardized coefficients as weights (Case 1) had a better performance (lower MAPEs) than the 

other seven cases evaluated. For that reason it was determined that that case would be used in the 

proposed methodology. Using Case 1 the estimation of CMQs for the different structure subtype was 

determined using the proposed adaptation process so that it could be compared with the one without 

adaptation. When the adaptation process was not implemented, the proposed solutions were directly 

used for the estimation of the CMQs in the target structures. When the adaptation process was 

implemented, the proposed solutions were adapted to estimate the CMQ of the target structures. 

The proposed adaptation accounts for the differences in the values of the parameters between the 

target and the existing similar structure(s) using the selected regression model (Patterson et al., 2002; 

Jin et al., 2012; Jin et al., 2014), modified to account for the % error from the model (García de Soto et 

al., 2013). In addition, when more than one existing structure was used, their contribution was 

weighted using the similarity score (i.e., the adjustments were weighted according to the similarity so 

that existing structures with higher similarity would have a higher effect on the estimated CMQ for the 

target structure). 

The proposed adaptation has been summarized in six well-defined steps in the proposed methodology 

(section 3.3.1.7.1). The different elements of the proposed six-step process for the adjustment of the 

estimated CMQ (CMQjadj) for the target structure are graphically shown in Figure 27. This figure 

shows the process greatly simplified by assuming that there are only two similar structures (o1 and o2) 

with a similarity (Simo1j and Simo2j) between the target structure (j) and them and only considering one 

input parameter (IV1).  

                                                      

54 In addition, the proposed adaptation was compared with the adaptation by García de Soto et al. (2013) and the 

adaptation by Jin et al., (2012 and 2014) (based on the one by Patterson et al. (2002). The comparison was made 

using the estimated CMQs for target storage structures. Refer to Appendix H for additional information. 
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Figure 27: Simplified graphical representation of the adaptation process. 

For the estimation of CMQs with and without adaptation, the process shown in Figure 25 was used. To 

be able to generalize, the results for each structure subtype and CMQ were combined.  

4.6.3 Results 

The selected distance-weight combination (Case 1 in Table 24) from section 4.5 was used to compare 

it with the results of using the proposed adaptation. In total 480 events (48 structure subtype-CMQ 

scenarios x 1 case x 10 similarity threshold values 54F

55) were used to evaluate the impact of the 

adaptation process. For generalization purposes, the results for each structure subtype for the different 

CMQs evaluated were combined and summarized in Table 28 and Figure 28.  

Figure 28 shows the overall MAPE (i.e., for all CMQs in all structure subtypes) for the selected 

distance-weight combination (Case 1) and for each similarity threshold evaluated. 

Refer to Appendix C for the results obtained for the different cases in each structure subtype and 

corresponding CMQ. 

Table 28: Overall MAPE (%) for selected distance-weight combination (Case 1 in Table 24) for different similarity thresholds with 

the proposed adaptation process 

  Similarity threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1* 6.06 6.01 6.01 6.02 6.05 5.97 5.44 5.35 5.71 6.07 

 

                                                      

55 Similar to what was done in section 4.5.3, but in this occasion with only one case being considered (Case 1) as 

determined from the analysis conducted in section 4.5. The structure subtype-CMQ scenarios (see section 4.2, 

Table 5) and similarity threshold values (from 0% to 90%) remained the same. 
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Figure 28: Overall MAPE vs. SimThres for selected distance-weight combination (Case 1 in Table 24) with the proposed adaptation 

process 

4.6.4 Comparison 

Comparing the estimations with (Case 1*) and without adaptation (Case 1) (Figure 29), when the 

similarity threshold was less than 90%, the estimation of CMQs improved (i.e., lower MAPEs) when 

the proposed adaptation process was implemented. The lowest MAPEs occurred when the similarity 

threshold ranged between 60-70%, with the lowest MAPE (5.35%) occurring for a similarity threshold 

of 70%. 

 

Figure 29: Overall MAPE vs. SimThres for selected distance-weight combinations with (Case 1*) and without (Case 1) the proposed 

adaptation process 

A more important aspect of the proposed adaptation is that for low similarity thresholds, the errors 

were lower, and stayed consistently low (i.e., without big variations) when compared to the 

estimations when the adaptation was not used. On the other hand, as the similarity threshold moves 

away from 70%, the errors slightly increase, reaching the worst performance at the highest similarity 

threshold (i.e., 90%), coinciding with the lowest error of the estimations without adaptation (i.e., also 

occurring when the similarity threshold was 90%). This can be explained by the fact that as the 

similarity threshold increases, the pool of existing structures that are available as the basis of the 

estimate decreases, making the estimates for the target structure relining on fewer structures, 

highlighting the limitations of the selected attributes used to compare the structures (i.e., indicating 

that other attributes might also have an impact). Similarly, but with an opposite effect, as the similarity 

threshold decreases (below the optimal value of 70%), the pool of existing structures increases, hence 

more structures are used as the basis of the estimate; however, those structures are farther away from 

the target structure (i.e., they similarity is lower) hence their CMQs will not be much relevant. In these 

cases the errors do not increase as much as with value over 70% because their contribution is reduced 

by the similarity score. 
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4.6.5 Conclusion 

The adaptation process summarized in Figure 27 is, in essence, the core of the proposed methodology 

based on the idea of hybrid models (section 2.5) in which the different techniques used are integrated. 

This process entails the combination of regression analysis and artificial intelligence. Specifically 

CBR and RA to develop a hybrid estimation methodology to make preliminary CMQ estimates in a 

systematic, reliable, and accurate manner. 

This study has shown that when the proposed adaptation process is used with the selected similarity 

function (section 4.5) there was an improvement in the estimates (lower MAPEs) when compared to 

the estimates made without adaptation. 

The proposed adaptation also performed better (i.e., yielded estimated CMQs with lower errors) than 

other regression-based adaptations (García de Soto et al., 2013; and Jin et al., 2012-2014 (based on the 

one by Patterson et al. (2002)). The comparison made using the estimated CMQs for the target storage 

structures55F

56 showed that, although the difference was not statistically significant (α = 0.05; two-sample 

t(24) = 2.07, p = 0.64), the MAPE from the proposed adaptation were slightly better than the MAPE 

from the adaptation by García de Soto et al. (2013) (3.72% vs. 4.03% for concrete and reinforcement 

combined). On the other hand, there was a statistically significant difference between the MAPEs from 

proposed adaptation and the adaptation by Patterson et al. (2002) (3.72% vs. 9.08% for concrete and 

reinforcement combined) (α=0.05; two-sample t(24) = 2.07, p = 0.021). In all cases the MAPEs from 

the proposed adaptation were better than the ones from the adaptations it was compared to. Refer to 

Appendix H for additional information. 

Therefore, the proposed adaptation process should be used in the proposed methodology when 

adjusting for the variations between the target and existing structures. 

4.7 Similarity threshold of 70% vs. other similarity thresholds 

4.7.1 General information 

In general, existing structures are considered similar if their degree of similarity exceeds a certain 

similarity threshold (Burkhard & Richter, 2001). In some cases a predefined similarity threshold is 

typically used (Arditi & Tokdemir, 1999; Ji et al., 2012; Ozorhon et al., 2006; García de Soto et al., 

2013). Other researchers do not use a similarity threshold and just use the case (or cases, say, top 5) 

with the highest similarity with the target case (An et al., 2007; Koo et al., 2010; Jin et al., 2012; Jin et 

al., 2014). Having section 4.5 and section 4.6 as a background, different similarity thresholds were 

evaluated to determine which one provided the best results for the selected similarity function and 

proposed adaptation process. 

4.7.2 Methodology 

For the investigation performed in section 4.5 (similarity function) and section 4.6 (adaptation), 

different similarity thresholds (from 0% to 90% in increments of 10%) were considered when using 

the process shown in Figure 25. 

The similarity threshold was selected based on the best overall performance for the selected similarity 

function and adaptation process. 

                                                      

56 Using the same existing structures as basis of the estimate for the different validation structures. 
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4.7.3 Results 

For the estimations when the proposed adaptation is implemented (Table 28 and Figure 28), one can 

see that the biggest drop in the MAPE value occurs when the similarity threshold changes from 50% to 

60% (a drop of 0.45%). In addition, the lowest MAPEs correspond to the similarity threshold ranging 

between 60 and 70% with the minimum MAPE (5.35%) occurring when the similarity threshold is 

70%, increasing after that (i.e., 5.75% and 8.20% when the similarity threshold was 80% and 90% 

respectively). 

4.7.4 Comparison 

When the proposed adaptation process was implemented, the errors were reduced and the similarity 

threshold did not have a big impact in the estimation of CMQs (Table 28) (i.e., for a similarity 

threshold between 0% and 80% the MAPE varied from 5.38% to 5.84% with an average of 5.69% and 

a standard deviation of 0.184 percentage points). In any case, the lowest MAPE (5.35%) corresponded 

to a similarity threshold of 70%. 

4.7.5 Conclusion 

This study has shown that for the selected similarity function (section 4.5) and using the proposed 

adaptation process (section 4.6) the better estimates (lower MAPEs) occurred for a similarity threshold 

ranging between 60 and 80%, with the lowest MAPE corresponding to a similarity threshold of 70%. 

Therefore, a similarity threshold of 70% should be used when entering a similarity threshold to set the 

minimum matching requirement for selecting existing structures to be used as basis for the CMQ 

estimates of the target structure in the proposed methodology. 
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5 ILLUSTRATION OF THE PROPOSED METHODOLOGY 

This chapter shows the illustration of the complete proposed methodology described in Chapter 3 

(summarized in Figure 11, duplicated below for convenience). The following example uses storage 

structure subtypes A-C from a cement plant 56F

57 to make preliminary CMQ estimates. The different 

sections are presented in a way that assumes that it is an estimator the one going over this process. 

PRE-ESTIMATION PHASE

ESTIMATION PHASE

Step 1: Collect and prepare data

Step 2: Identify CMQ-relevant structures

Step 3: Develop and evaluate models

Step 4: Estimate CMQs for new project

 

Figure 11 (duplicated): Main steps of the proposed methodology 

5.1 Pre-estimation phase 

The storage structure subtypes were used to implement the proposed methodology. For consistency, 

the breakdown shown in section 3.2 (Figure 13) was followed. The structure subtypes and CMQs used 

in this example are shown in Figure 30. 

                                                      

57 Refer to Appendix F and Appendix G for an example using the tall-frame structure subtypes A-L in a cement 

plant. 
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Figure 30: Breakdown for structures for which CMQ estimates have been developed 

5.1.1 Step 1: Collect and prepare data 

Data was collected from cement plant projects built around the world (refer to section 4.2.1 and 

Appendix E for structure types and data used). It contained information about the structure, their 

dimensions, structure-specific characteristics, as well as site specific information. The information was 

obtained from bill of quantities (BoQs), as-built and/or general arrangement drawings, mass flow 

diagrams, flow sheets, and design calculations/technical reports made available by one of the leading 

suppliers of cement and aggregates worldwide. The collected data was processed (e.g., investigating 

outliers, getting information about missing values57F

58) as shown in Figure 14 (section 3.2.1) and the 

design parameters were standardized to the same code values 58F

59 and appropriate units. Finally, the data 

was transformed (e.g., taking the natural logarithm of the dataset), and those values were scaled 

between 0 and 1. This allowed carrying out additional analyses in subsequent steps (see sections 

5.1.3.2 and 5.2.1.2). 

5.1.2 Step 2: Identify CMQ-relevant structures 

Equation (32) (section 3.2.2) was used to determine the importance of the different structures, with 

respect to the CMQs evaluated. Data from greenfield projects 59F

60 was used to determine the percentages 

of the CMQs of interest for the different structure types (Table 29). 

  

                                                      

58 This process was done in collaboration with the owners of the data and, when applicable, adjustments were 

made based on their knowledge about the data and expertise about the different projects where the data was 

originally collected. 
59 For example, the design wind speed used was in accordance with the Eurocode 1, EN 1991 1-4 (2010), the 

spectral response acceleration used was in accordance with the 2009 IBC (based on the 2002 USGS National 

Seismic Hazard Maps), and the soil factor was used in accordance with the Eurocode 8, EN 1998 1-6 (2006). 
60 Information obtained from three greenfield projects built between 2007 and 2010. 

Greenfield cement plant (Project)

Civil/Structural (Area)

Process 

buildings/structures

(Element)

Storage structures 

(Typical structure)

Storage subtype BStorage subtype A Storage subtype C

Concrete Reinforcement
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Table 29: List of structure types with their corresponding % for the CMQs evaluated for the greenfield projects provided 

Structure type Pconcrete 

(Equation (32)) 

Preinforcement 

(Equation (32)) 

Pformwork 

(Equation (32)) 

Pstruct.-steel 

(Equation (32)) 

Storage structures (Subtypes A-C) 43% 58% 23% 0% 

Grinding structures (Subtypes A-C) 14% 8% 14% 32% 

Conveyor structures 8% 6% 8% 23% 

Low-frame structures 6% 4% 14% 0% 

Tall-frame structures (Subtypes A-L) 5% 4% 5% 29% 

Crushers 6% 4% 5% 2% 

Cooler structure 4% 4% 4% 6% 

Electrical/Substation/Control structures 2% 2% 8% 2% 

Special foundations 3% 2% 3% 2% 

Dedusting structures 2% 1% 4% 2% 

Bin/Hopper structures 1% 1% 4% 0% 

Loading/Unloading structures 2% 1% 2% 1% 

Packing structures 1% 1% 3% 0% 

Transfer Towers 1% 1% 0% 2% 

Admin/Amenity/Support structures 1% 1% 1% 0% 

Treatment Plant (Water/Sewage/Other) 1% 0% 2% 0% 

Stack/Chimney structure 0% 2% 0% 0% 

TOTAL 100% 100% 100% 100% 

 

Once the importance of each structure type with respect to the CMQs of interest was calculated, 

Equation (33) (section 3.2.2) was used to combine the different percentages and get a weighted value 

used to rank the structures 60F

61. For example, a total of 446 CMQs were collected from all available 

structures, of which 154 (35%) corresponded to CMQ entries related to concrete quantities, 154 (35%) 

were for CMQ entries related to reinforcement, 114 (26%) were for CMQ entries related to formwork, 

and 24 (5%) were for entries related to structural steel. Therefore, for storage structures subtypes A-C 

in Table 29, the weighted percentage was calculated as follows: 

Storage structure subtypes A-C

154 154 114 24
43% 58% 23% 0% 41%

446 446 446 446

       
               
       

W  

Once the weighted % was calculated, the structure types were ranked to determine the CMQ-relevant 

structures. The division between CMQ-relevant and CMQ-not-relevant structures was made by 

defining a threshold of 80%61F

62, meaning that the structure types contributing to a cumulative weighted 

% of at least 80% of the CMQs being evaluated where classified as CMQ-relevant. For the greenfield 

projects and CMQs evaluated those structures are shown in Table 30, sorted from high to low W. 

  

                                                      

61 As indicated in section 3.2.2, instead of ranking structures separately for each CMQ the individual percentages 

(Pi,a) can be combined to facilitate the identification of CMQ-relevant structures. This way the contribution of 

each structure subtype for each CMQ can be weighted using Equation (33). 
62 As indicated in section 3.2.2, the selected % (in this case 80%) is used as a threshold when determining the 

CMQ-relevant structures. Therefore, the higher the threshold value the more structures will be included and the 

lower the uncertainty built into the preliminary estimates for the entire project. However this also means more 

work and effort required by the estimator since more data has to be collected and more models need to be 

developed. 
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Table 30: List of structure types ranked in terms of their weighted % 

CMQ relevant/not relevant Structure type W (Equation (33)) Cumulative W 

Relevant Storage structures (subtypes A-C) 41% 41% 

Grinding structures (subtypes A-C) 13% 54% 

Conveyor structures 8% 62% 

Low-frame structures 7% 69% 

Tall-frame structures (subtypes A-L) 6% 75% 

Crushers 5% 80% 

Not relevant Cooler structure 4% 84% 

Electrical/Substation/Control structures 4% 88% 

Special foundations 3% 91% 

Dedusting structures 2% 93% 

Bin/Hopper structures 2% 95% 

Loading/Unloading structures 2% 96% 

Packing structures 1% 98% 

Transfer Towers 1% 98% 

Admin/Amenity/Support structures 1% 99% 

Treatment Plant (Water/Sewage/Other) 1% 100% 

Stack/Chimney structure 0% 100% 

 

Taking into consideration the available data, the estimates were made for the total amount of concrete 

and reinforcement (upper structure and foundation combined) required in the construction of storage 

structure subtypes A-C and the amount of concrete, reinforcement, and structural steel in the upper 

structure, and concrete and reinforcement in the foundation required in the construction of tall-frame 

structure subtypes A-L (highlighted in light grey in Table 30). 

5.1.3 Step 3: Develop and evaluate CMQ estimation models  

The 11 sub-steps for the development and evaluation of regression and NN models to estimate CMQs, 

as described in section 3.2.3.3 and illustrated in Figure 16, were implemented for the storage 

structures. Refer to Appendix F for the process used in the development and evaluation of regression 

and NN models to estimate CMQs for tall-frame structures. 

Models for the estimation of concrete and reinforcing steel (reinforcement) required in the 

construction of storage structures were developed. A total of 58 storage structures from 8 plants 

located around the world were used (Table 198 in Appendix E, section E.1). The storage structures 

were classified based on the density of the material stored, as it would have an effect in the 

configuration and specific characteristics of these structures (Table 31). 

Table 31: Number of storage structure subtypes used for model development and testing 

Storage structure subtype Number 

A 18 

B 24 

C 16 

 

To avoid repetition, both CMQs for which models were developed (concrete and reinforcement) have 

been presented and discussed simultaneously. As indicated in the process depicted in Figure 16, the 

estimator should, however, be doing one CMQ at the time for each structure evaluated. 

5.1.3.1 Sub-step 3.1: Select structure m and CMQi 

Models to estimate the amount of concrete and reinforcement required in the construction of storage 

structures (of the types shown in Table 31) were developed. 
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5.1.3.2 Sub-step 3.2: Prepare data (define N) 

From the data collected in Step 1 (section 5.1.1), 58 storage structures (N=58) were identified and 

checked for relevant information (e.g., design wind load, soil bearing capacity, spectral response 

acceleration) and specific structure characteristics (e.g., storage material, dimensions, capacity, 

CMQs) in order to prepare it to be use in subsequent steps. 

5.1.3.3 Sub-step 3.3: Identify potential parameters 

From the data collected, the potential parameters were identified. Seven IVs (Table 32) were selected 

taking into consideration the information available to the estimator when preparing the preliminary 

estimates. The maximum, minimum and average values for the variables related to storage structures 

are summarized in Table 32. 

Table 32: List of variables and description of data for storage structures (as-built data) 

 ID Code Description Max Min Average Type Units 

In
p

u
t 

1 Cap_t Storage capacity 112,000 7,000 36,000 Continuous Tons 

2 Diam_m Interior diameter 51 15 29 Continuous Meters 

3 Total_Height_m 

Height from top 

of foundation to 

top of concrete 

structure 

86 24 56 Continuous Meters 

4 Wind_Speed_mps 

Design wind 

speed in 

accordance with 

the Eurocode 1, 

EN 1991 1-4 

(2010) (wind 

design) 

54 20 36 Continuous Meters/second 

5 S1_g 

Spectral response 

acceleration for 

1.0 sec. period 

(with a 2% 

exceedance 

probability in 50 

years) in 

accordance with 

the 2009 IBC, 

which are based 

on the 2002 

USGS National 

Seismic Hazard 

Maps 

1.33 1.01 1.1 Continuous 

Gravitational 

acceleration 

expressed in 

decimal form 

as a function of 

g (S1xg) 

6 Soil_BC_tpm2 
Soil bearing 

capacity 
92 7.5 37 Continuous Tons/m2 

7 Soil_Factor 

Soil factor / soil 

coefficient in 

accordance with 

the Eurocode 8, 

EN 1998 1-6 

(2006) 

1.6 1.0 1.39 Continuous n/a 

8 Type_A Storage type A n/a n/a n/a Categorical n/a 

9 Type_B Storage type B n/a n/a n/a Categorical n/a 

10 Type_C Storage type C n/a n/a n/a Categorical n/a 

O
u

tp
u

t 11 Concrete Total concrete 12,209 2,707 6,293 Continuous m3 

12 Reinforcement 
Total 

reinforcement 
2,198 487 1,133 Continuous Tons 
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5.1.3.4 Sub-step 3.4: Determine sample size (n) and check data sufficiency 

Equation (34) (section 3.2.3.3.4) was used to determine the sample size required for the development 

of models. In this case, the maximum number of IVs (k) that could be used in the models is nine (out 

of the three categorical variables (Table 32), one is excluded from the model and used as the reference 

variable). The values for the parameters used in Equation (34) were the ones recommended in section 

3.2.3.3.4 so that the variables used in the developed model should explain at least 90% of the variation 

in the model (R2
min≥0.9) and the Adj R2 should capture, at least, 90% (z=0.9) of R2. The value of S was 

set to 0.8 as the 80%:20% data split for training and testing the models, respectively, was used. This 

information was plugged into Equation (34) as follows: 

(9 1)(0.9 0.9 0.9 2)

0.8 0.9(0.9 1)
40.3n

   


 
  

From this step it was determined that the total minimum sample size required for model development 

was 40.3 (say 41), from which 33 would be used for the development of models and the rest for testing 

them. Since there are 58 storage structures available, n<N and the process could continue with the 

development of models without the need of developing simplified design models to generate 

additional data. 

From the 58 storage structures collected, 46 (approximately 80%) were used for model development 

(i.e., training) and the remaining 12 were used for testing and validation. The assumptions made here 

(e.g., k, R2 and z) to determine the sample size requirements were checked once the regression model 

was selected (section 5.1.3.7). 

5.1.3.4.1 3.4.1: Create simplified design models 

As n<N (section 5.1.3.4), this step did not apply. 

5.1.3.4.2 3.4.2: Generate data 

As n<N (section 5.1.3.4), this step did not apply. 

5.1.3.5 Sub-step 3.5: Develop regression models 

The regression models were developed using transformed data (Equation (5)). Using the BET a total 

of nine models were developed to estimate both concrete and reinforcement quantities; four for 

concrete and five for reinforcement (see Table 7 and Table 9 for concrete and reinforcement in section 

4.3.3). The developed models were combined in Table 33. All the coefficients were within the 

specified significance level (α=0.05) and acceptable variance inflation factors (i.e., multicollinearity 

was not an issue) (O’Brian, 2007). 
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Table 33: Summary of regression models for concrete and reinforcement quantities 

 

β Std. Error β Std. Error

(Constant) 1.90E+00 4.23E-01 (Constant) 6.50E-01 5.99E-01

LN_Cap 4.26E-01 4.60E-02 LN_Cap 4.26E-01 6.50E-02

LN_Diam 7.85E-01 1.07E-01 LN_Diam 7.64E-01 1.51E-01

LN_Height 9.80E-02 6.10E-02 LN_Height 4.80E-02 8.60E-02

LN_Wind -2.80E-02 5.20E-02 LN_Wind -1.23E-01 7.40E-02

LN_S1 5.95E-01 1.90E-01 LN_S1 8.07E-01 2.69E-01

LN_SoilBC 1.00E-03 2.80E-02 LN_SoilBC -1.00E-03 4.00E-02

LN_SoilFact -3.20E-02 1.69E-01 LN_SoilFact 6.90E-02 2.39E-01

Type A -1.77E-01 3.90E-02 Type A -1.09E-01 5.50E-02

Type B -8.84E-01 1.22E-01 Type B -9.11E-01 1.73E-01

(Constant) 1.91E+00 3.65E-01 (Constant) 6.45E-01 5.16E-01

LN_Cap 4.27E-01 4.50E-02 LN_Cap 4.26E-01 6.40E-02

LN_Diam 7.84E-01 1.03E-01 LN_Diam 7.64E-01 1.45E-01

LN_Height 9.80E-02 6.00E-02 LN_Height 4.80E-02 8.50E-02

LN_Wind -2.80E-02 5.10E-02 LN_Wind -1.23E-01 7.20E-02

LN_S1 5.93E-01 1.76E-01 LN_S1 8.09E-01 2.49E-01

LN_SoilFact -3.40E-02 1.57E-01 LN_SoilFact 7.00E-02 2.23E-01

Type A -1.77E-01 3.80E-02 Type A -1.09E-01 5.40E-02

Type B -8.83E-01 1.20E-01 Type B -9.12E-01 1.69E-01

(Constant) 1.89E+00 3.50E-01 (Constant) 6.83E-01 4.96E-01

LN_Cap 4.29E-01 4.40E-02 LN_Cap 4.21E-01 6.20E-02

LN_Diam 7.81E-01 1.00E-01 LN_Diam 7.70E-01 1.42E-01

LN_Height 9.60E-02 5.80E-02 LN_Height 5.30E-02 8.30E-02

LN_Wind -2.80E-02 5.00E-02 LN_Wind -1.24E-01 7.10E-02

LN_S1 5.82E-01 1.67E-01 LN_S1 8.30E-01 2.37E-01

Type A -1.76E-01 3.70E-02 Type A -1.11E-01 5.30E-02

Type B -8.83E-01 1.18E-01 Type B -9.12E-01 1.67E-01

(Constant) 1.82E+00 3.23E-01 (Constant) 6.66E-01 4.92E-01

LN_Cap 4.26E-01 4.30E-02 LN_Cap 4.43E-01 5.10E-02

LN_Diam 7.73E-01 9.80E-02 LN_Diam 7.86E-01 1.39E-01

LN_Height 1.02E-01 5.70E-02 LN_Height -1.32E-01 6.90E-02

LN_S1 5.73E-01 1.65E-01 LN_S1 8.77E-01 2.24E-01

Type A -1.76E-01 3.70E-02 Type A -1.22E-01 4.90E-02

Type B -8.68E-01 1.14E-01 Type B -9.88E-01 1.17E-01

(Constant) 5.39E-01 4.84E-01

LN_Cap 3.90E-01 6.50E-02

LN_Diam 6.47E-01 1.43E-01

LN_Height 1.35E-01 8.10E-02

LN_S1 6.95E-01 2.46E-01

Type B -6.67E-01 1.47E-01
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For the subsequent steps the back-transformed models (Equation (6)) were used. Therefore, all the 

statistics used and reported (e.g., R2, z, AICc) correspond to the back-transformed models. 

5.1.3.5.1 Sub-step 3.5.1: Pre-screen developed regression models 

The developed models (e.g., Table 33) were checked to ensure that the described relationships, seen 

through the coefficients of the variables, behaved as expected. For example, the unstandardized 

coefficient for wind speed (LN_Wind) in models STGS_A-C/BET-CO-1, STGS_A-C/BET-CO-2 and 

STGS_A-C/BET-CO-3 is negative (-2.80x10-2), indicating that a 1% increase in the wind speed, ceteris 

paribus, would decrease the CMQ of concrete by 0.028%. Hence models where the coefficient for 

wind speed is negative are to be constrained or not considered. In this case only STGS_A-C/BET-CO-4 

can be considered for evaluation without being constrained. However, for illustration purposes all the 

models were used for the required calculations (i.e., AICc) in subsequent steps. 

5.1.3.6 Sub-step 3.6: Calculate the AICc for regression model and select the one with lower AICc 

The AICc was calculated using Equation (30) (section 2.3.4). Table 34 shows the AICc for the different 

models, as well as the actual k, R2 and z values for the back-transformed datasets. From the set of 

models analyzed, the one with the lowest AICc were STGS_A-C/BET-CO-4 (5.93 x 102) and STGS_A-

C/BET-RE-5 (4.61 x 102) for concrete and reinforcement respectively. 

Table 34: Summary of AICc, k, R2 and z for regression models for concrete and reinforcement 

C
o

n
cr

et
e 

Model* AICc k R2 z 

R
ei

n
fo

rc
em

en
t 

Model* AICc k R2 z 

CO-1 6.05E+02 9 9.50E-01 0.97 RE-1 4.72E+02 9 8.92E-01 0.93 

CO-2 6.02E+02 8 9.50E-01 0.98 RE-2 4.68E+02 8 8.92E-01 0.94 

CO-3 5.98E+02 7 9.51E-01 0.98 RE-3 4.65E+02 7 8.91E-01 0.95 

CO-4 5.93E+02 6 9.53E-01 0.98 RE-4 4.64E+02 6 8.86E-01 0.95 

- - - - - RE-5 4.61E+02 5 8.86E-01 0.96 

*STGS_A-C/BET- 

As stated in section 2.3.4, the AICc value by itself has no meaning. It becomes useful when it is 

compared to the AICc of other models in a set (ΔAICc). To assist with the interpretation of the AICc, 

the probability that the selected model is more likely to be the model with the least amount of 

information loss is determined (Equation (31) in section 2.3.4). The results from this evaluation are 

summarized in Table 35. 

Table 35: Probabilities of regression models of being the model with the least amount of information loss when compared to the 

model with lower AICc 

CMQ Model* ΔAICc P (Equation (31)) Pmin AICc Model with min AICc is this times better 

than row model 

Concrete CO-1 12.40 0.20% 99.80% 493 

CO-2 8.80 1.21% 98.79% 81  

CO-3 5.10 7.24% 92.76% 13  

CO-4 0.00 50.00% 50.00% 1 

Reinforcement RE-1 10.30 0.58% 99.42% 172 

RE-2 6.80 3.23% 96.77% 30  

RE-3 4.10 11.41% 88.59% 8 

RE-4 2.80 19.78% 80.22% 4  

RE-5 0.00 50.00% 50.00% 1 

*STGS_A-C/BET- 

To determine ΔAICc the minimum AICc is kept fixed when determining the probability of each model 

being the one that loses the least amount of information using Equation (31) (section 2.3.4). Using the 

STGS_A-C/BET-CO-2 model as an example (ΔAICc =6.02 x 102-5.93 x 102=8.8) it can be seen that 
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there is a 1.21% probability that the STGS_A-C/BET-CO-2 model is the model that loses the least 

amount of information and a 98.79% probability that the STGS_A-C/BET-CO-4 model is the model 

that loses the least amount of information; in other words, the STGS_A-C/BET-CO-4 model is 81 times 

more likely to be the better model when compared to the STGS_A-C/BET-CO-2 model. 

5.1.3.7 Sub-step 3.7: Check sample size determined in F.4 

nactual was obtained by plugging in the actual values for k, R2 and z (from Table 34) for the selected 

models (i.e., for STGS_A-C/BET-CO-4 (k=6, R2=0.953, z=0.982) and for STGS_A-C/BET-RE-5 (k=5, 

R2=0.886, z=0.961)) into Equation (36) (section 3.2.3.3.7). 

The value for the percentage of data to be used for training the model was kept the same (S=0.8). The 

results for nactual for the concrete and the reinforcement models were 57; therefore, nactual ≤ N (57≤58). 

Since for both of the selected models the sample size requirements were met the selected regression 

models were confirmed and the process could continue. 

5.1.3.8 Sub-step 3.8: Develop NN model 

The NN models for concrete and reinforcement were developed following the indications in section 

3.2.3.2, using the input variables from the selected regression model (STGS_A-C/BET-CO-4 and 

STGS_A-C/BET-RE-5 for concrete and reinforcement respectively per section 5.1.3.6). The number of 

neurons in the hidden layer of the NN model was determined empirically as indicated in sections 

2.2.2.1.2, 3.2.3.2, and Figure 15. For the estimation of concrete and reinforcement quantities the NN 

models with the lowest generalization error and AICc had 3 neurons in the hidden layer. Table 36 

shows the weights between the input and the hidden layer and the hidden layer and the output for the 

NN models for concrete and reinforcement. 

Table 36: Summary of estimated weights for NN model using 5 inputs and 3 neurons for concrete and reinforcement 

 Concrete Reinforcement 

Input 

Input/Hidden Layer (WA) 
Output 

Layer 
Hidden Layer (WA) 

Output 

Layer 

H1 H2 H3 

Total 

Concrete 

(m3) 

H1 H2 H3 

Total 

Reinforce-

ment (t) 

Input 

Layer 

I1: Cap_t 0.377 -0.535 -0.385 - -0.538 0.371 -0.146 - 

I2: Diam_m 0.654 -0.526 0.149 - -0.119 0.337 -0.476 - 

I3: Height_m 0.192 0.281 -0.675 - -0.412 0.142 -0.351 - 

I4: S1 -0.297 -0.376 -0.417 - -0.001 0.051 -0.409 - 

I5: Type_ID 0.402 -0.098 0.318 - 0.093 0.140 0.034 - 

Bias 1 0.138 0.733 0.032 - 0.073 -0.144 -0.093 - 

Hidden/

Output 

Layer 

(WB) 

H1 - - - 0.721 - - - -0.543 

H2 - - - -0.533 - - - 0.447 

H3 - - - -0.677 - - - -0.492 

Bias 2 - - - 0.246 - - - 0.007 
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5.1.3.9 Sub-step 3.9: Calculate the AICc for (each) developed NN model (and select the one with 

lower AICc) 

The AICc for the NN model was calculated using Equation (30) (section 2.3.4) with K equal to the 

number of inputs plus the bias neuron (5+1)62F

63. The AICc for the concrete and reinforcement NN 

models were 613 and 474 respectively. These values were compared to the AICc values from the 

regression models. 

5.1.3.10 Sub-step 3.10: Compare best Regression and NN models and use the one with lower AICc 

The AICc values for the regression and NN models are summarized in Table 37. 

Table 37: Summary of MAPE for Regression and NN models for concrete and reinforcement 

Model AICc 

*CO-4 5.93E+02 

**CO-NN 6.13E+02 

*RE-5 4.61E+02 

**RE-NN 4.74E+02 

* STGS_A-C/BET- 

** STGS_A-C/ 

The AICc for the regression models is lower than for the NN models; hence, the models selected for 

the estimation of concrete and reinforcement for storage structure subtypes A-C are STGS_A-C/BET-

CO-4 and STGS_A-C/BET-RE-5 respectively. 

5.1.3.11 Sub-step 3.11: Next CMQ or structure 

As indicated at the beginning of this example both CMQs (concrete and reinforcement) for which 

estimation models were developed have been presented and discussed simultaneously, therefore, this 

step was not applicable. The estimator using the proposed process, however, would be doing one 

CMQ at the time for the structure type evaluated. 

5.2 Estimation phase 

At this point, the different estimation models have been developed and evaluated. From the previous 

step the following models were used in the estimation phase. 

Table 38: Selected models for storage and tall-frame structure subtypes 

 Model TFS_A-L/US/BET- TFS_A-L/FND/BET- STGS_A-C/BET- 

Type Subtype Concrete Reinf. Structural Steel Concrete Reinf. Concrete Reinf. 

Storage 63F

64 A-C - - - - - CO-4 RE-5 

Tall-frame 64 F

65 A-L CO-2 RE-2 ST-2 CO-3 RE-3 - - 

 

Structure subtypes from the validation dataset were randomly selected and used for the illustration of 

the estimation phase in this section. The results obtained from the estimation were further evaluated 

during the validation of the proposed methodology (section 6). 

                                                      

63 Since the intent was to compare it to the AICc from the regression models. 
64 From section 5.1.3 
65 From Appendix F 
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The storage structure subtypes, and their parameters, used in this step are summarized in Table 199 in 

Appendix E (E.1). To facilitate following the different steps in detail, the target structure with ID T1 

from the ones shown in Table 199 was used in the subsequent sections of this illustration. 

5.2.1 Step 4: Estimate CMQs for structures in target project 

As indicated in section 3.3.1, step 4 of the proposed methodology consists of 8 sub-steps (summarized 

in Figure 19), and described below. 

5.2.1.1 Sub-step 4.1: Obtain values of input parameters 

The required parameters are shown in Table 199 in Appendix E (E.1). 

5.2.1.2 Sub-step 4.2: Normalize parameters 

The parameters were normalized by scaling them between 0 and 1 (section 3.3.1.2). The regression 

models were developed using the natural logarithms (see section 5.1.3.5). Therefore for the ease of 

computation, the natural log values of the variables were used for the scaling process using Equation 

(39). 

To use Equation (39), the maximum and minimum values for each parameter were required. They 

were determined from the collected data from each storage structure subtype (Table 39). 

Table 39: Maximum and minimum values of parameter for different storage structures 

  Storage subtype 

Parameter A B C 

Cap (t) 
Max 26,000 111,900 22,800 

Min 7,500 22,500 7,000 

Diam (m) 
Max 24 51 22 

Min 18 28 15 

Height (m) 
Max 70 50 75 

Min 25 20 30 

Wind sp (m/s) 
Max 44 54 47 

Min 30 20 20 

Ground acc. (S1xg) 
Max 1.33 1.28 1.24 

Min 1.01 1.01 1.01 

Soil BC (t/m2) 
Max 92 92 66 

Min 7.5 7.5 7.5 

Soil factor 
Max 1.6 1.6 1.6 

Min 1 1 1.2 

 

Using the capacity of structure ID T1 as an example, the transformed and normalized capacity was 

calculated as follows: 

   

   

ln 10000 ln 7500 9.21 8.92
0.23

ln 26000 ln 7500 10.17 8.92

 
 

 
 

The same calculation was done for all the parameters in the remaining of the storage structure 

subtypes. The results from the normalization, using Equation (39), are shown in Table 40. 
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Table 40: Transformed and normalized parameters for storage structures 

 Structure Transformed (ln) and normalized (0-1) parameters 

ID Type Subtype Capacity Diam. Height Wind sp. Ground acc. Soil B Cap. Soil factor 

T1 Storage A 0.23 0.00 0.11 0.00 0.05 1.00 0.00 

T2 Storage A 0.29 1.00 0.82 0.33 0.27 0.60 0.94 

T3 Storage A 0.50 0.37 0.85 0.17 1.00 0.55 0.72 

T4 Storage A 0.55 0.37 0.77 0.00 0.48 0.15 0.90 

T5 Storage B 0.60 0.27 0.44 0.70 0.46 0.95 0.66 

T6 Storage B 0.61 0.79 0.89 0.75 0.16 0.48 0.86 

T7 Storage B 0.75 0.90 0.96 0.82 0.87 0.55 0.72 

T8 Storage B 0.98 0.00 0.61 0.65 0.04 0.86 0.15 

T9 Storage C 0.11 0.48 0.31 0.65 0.28 0.82 0.41 

T10 Storage C 0.54 0.62 0.56 0.75 0.68 0.80 0.88 

T11 Storage C 0.67 1.00 0.66 0.65 0.28 0.43 0.77 

T12 Storage C 0.96 1.00 0.66 0.78 0.00 1.00 0.00 

 

Obviously, the same transformation and normalization had to be done for the parameters of the 

existing structures (see Table 200 in Appendix E, section E.1). 

5.2.1.3 Sub-step 4.3: Enter the similarity threshold 

The minimum matching requirement when select existing structures as the basis for the CMQ 

estimates of the target structure (i.e., the similarity threshold) was set to 70% (section 3.3.1.3 per 

section 4.7). 

5.2.1.4 Sub-step 4.4: Calculate the distance between the target and existing structures 

Equation (40) was used to calculate the distance between the target and existing structures. 

From section 5.1.3.6, the best performing regression models for the estimation of concrete and 

reinforcement were STGS_A-C/BET-CO-4 and STGS_A-C/BET-RE-5, respectively. The 

unstandardized regression coefficients were adjusted using Equation (42) to account for the 

normalization (i.e., scaling between 0 and 1) of the parameters. As an example, the unstandardized 

coefficient from STGS_A-C/BET-CO-4 for capacity (0.43) was adjusted for storage structure subtype 

A as follows: 

        max minln ln 0.43 ln(26000) ln(7500) 0.426 10.17 8.92 0.53       adj i i ix X X  

For simplicity, the denominator of Equation (42) was excluded at this point and included as a constant 

when calculating the distance. The original and adjusted unstandardized coefficients for the different 

storage structure subtypes are shown in Table 41. 
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Table 41: Unstandardized and adjusted unstandardized coefficients for selected regression models to estimate the amount of 

concrete and reinforcement in storage structures 

Model (STGS_A-

C/BET-) 

Unstandardized 

Coefficients 

Adjusted 

Unstandardized 

Coefficients 

(storage structure A) 

Adjusted 

Unstandardized 

Coefficients 

(storage structure B) 

Adjusted 

Unstandardized 

Coefficients 

(storage structure C) 

CO-

4 

LN_Cap 0.43 0.53 0.68 0.50 

LN_Diam 0.77 0.22 0.46 0.30 

LN_Height 0.10 0.11 0.09 0.09 

LN_S1 0.57 0.16 0.14 0.12 

RE-

5 

LN_Cap 0.40 0.48 0.63 0.46 

LN_Diam 0.65 0.19 0.39 0.25 

LN_Height 0.14 0.14 0.12 0.12 

LN_S1 0.70 0.19 0.17 0.14 

 

The denominator of Equation (42) (∑β(ln(xmax)-(xmin))) for the different storage structures and models 

is shown in Table 42. As previously indicated, this was included as a constant when calculating the 

distance (Table 44). 

Table 42: Denominator of Equation (42) for the different storage structures 

 ∑β(ln(xmax)-ln(xmin)) 

Model (STGS_A-C/BET-) Storage structure A Storage structure B Storage structure C 

CO-4 1.01 1.38 1.01 

RE-5 1.00 1.31 0.97 

 

Equation (40) was used to calculate the distance between the target structure (ID T1) and the 14 

existing storage structures, again, slightly modified to account for the transformed and normalized 

parameters (i.e., ln(X) instead of X). For example, when ID T1 was compared with existing storage 

structure ID 1 (Table 198, Appendix E, section E.1) with the following parameters: capacity of 7,500 

tons, diameter of 18 meters, height of 25 meters, wind speed of 42 meters/second, ground acceleration 

of 1.07, soil bearing capacity of 45, and soil factor of 1.35; the preliminary distance was 0.16 (before 

applying the denominator of Equation (42)) (Table 43). 

Table 43: Calculation of distance between target structure (ID T1) and existing structure (ID 1) 

 Transformed (ln) and normalized (0-1) parameters  

 Cap Diam Height Wind sp Ground acc. Soil BC 
Soil 

factor 
∑ 

Target structure 

(ID T1) (xo) 
0.23 0.00 0.11 0.00 0.05 1.00 0.00 N/A 

Existing structure 

(ID 1) (xj) 
0.00 0.00 0.00 0.88 0.21 0.71 0.64 N/A 

Difference 

(│xoi-xji│) 
0.23 0.00 0.11 0.88 0.16 0.29 0.64 N/A 

Adjusted 

Unstandardized 

Coefficients 

(βadjx∑β(xmax-

xmin)) 

0.53 0.22 0.11 0.00 0.16 0.00 0.00 1.02 

Preliminary 

distance 

(│xoi-xji│x 

(βadjx∑β(xmax-

xmin)) 

0.12 0.00 0.01 0.00 0.02 0.00 0.00 0.16 
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This process was done when comparing the target structure (ID T1) with all the existing storage 

structures of subtype A. The results are summarized in Table 44. 

Table 44: Distances between target structure (ID T1) and existing storage structures (subtype A) 

Structure 

ID 
Cap Diam  Height  

Wind 

sp 

Ground 

acc. 

Soil 

BC 

Soil 

factor 

Preliminary 

distance 

(│xoi-xji│x 

(βadjx∑β(xmax-

xmin)) 

∑β(xmax-

xmin) 

(storage 

structure 

A) 

Distance 

(│xoi-

xji│x 

βadj) 

1 0.12 0.00 0.01 0.00 0.02 0.00 0.00 0.16 

1.01 

0.16 

2 0.00 0.00 0.01 0.00 0.01 0.00 0.00 0.01 0.01 

3 0.00 0.00 0.01 0.00 0.01 0.00 0.00 0.02 0.02 

4 0.08 0.00 0.04 0.00 0.01 0.00 0.00 0.12 0.12 

5 0.06 0.08 0.01 0.00 0.13 0.00 0.00 0.28 0.27 

6 0.00 0.16 0.08 0.00 0.10 0.00 0.00 0.33 0.32 

7 0.27 0.16 0.09 0.00 0.01 0.00 0.00 0.52 0.52 

8 0.13 0.04 0.05 0.00 0.00 0.00 0.00 0.22 0.22 

9 0.11 0.04 0.06 0.00 0.09 0.00 0.00 0.30 0.30 

10 0.40 0.00 0.06 0.00 0.11 0.00 0.00 0.57 0.56 

11 0.27 0.16 0.08 0.00 0.05 0.00 0.00 0.55 0.54 

12 0.16 0.22 0.07 0.00 0.11 0.00 0.00 0.57 0.56 

13 0.20 0.08 0.09 0.00 0.11 0.00 0.00 0.48 0.47 

14 0.41 0.22 0.08 0.00 0.10 0.00 0.00 0.81 0.80 

 

5.2.1.5 Sub-step 4.5: Calculate the similarity between the target and existing structures 

The similarity between the target and the existing structures was calculated using Equation (43) 

(section 3.3.1.5). The similarities between the target storage structure (ID T1) and the existing storage 

structures are shown in Table 45. 

Table 45: Similarity between target structure (ID T1) and existing storage structures (subtype A) 

Structure ID Dist (│xoi-xji│x βadj) Sim (1-(Dist(Xo-Xj))*100) 

1 0.16 84.36 

2 0.01 98.75 

3 0.02 98.47 

4 0.12 88.21 

5 0.27 72.86 

6 0.32 67.61 

7 0.52 48.48 

8 0.22 78.46 

9 0.30 70.49 

10 0.56 43.86 

11 0.54 45.66 

12 0.56 43.82 

13 0.47 53.03 

14 0.80 20.47 

 

5.2.1.6 Sub-step 4.6: Select similar structures 

Equation (44) was used to determine the similar structures using the recommended similarity threshold 

of 70% (section 5.2.1.3) and the similarities between the target (ID T1) and existing storage structures 

(Table 45). The existing structures with a similarity greater or equal to the similarity threshold are 

shown in Table 46. These structures were used as the basis for the estimation of CMQs for the target 

structure (ID T1) in subsequent steps. 
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Table 46: Existing storage structures (subtype A) with Sim ≥ SimThres for target structure (ID T1)  

Structure ID Distance (│xoi-xji│x βadj) Similarity (1-(Dist(Xo-Xj))*100) 

2 0.01 98.75 

3 0.02 98.47 

4 0.12 88.21 

1 0.16 84.36 

8 0.22 78.46 

5 0.27 72.86 

9 0.30 70.49 

 

5.2.1.7 Sub-step 4.7: Estimate CMQs for CMQ-relevant structures 

Out of the three categories defined in 3.3.1.7 (i.e., 100% match, adaptation, pure prediction), the 

estimation of CMQs for storage structure ID T1 fell into the adaptation category because there were 

existing structures with a similarity with the target structure exceeding the minimum requirement (i.e., 

70% similarity threshold) (Table 46). Therefore, the six-step process indicated in section 3.3.1.7.1 was 

applicable and used to estimate the CMQs for the target structures. 

The results from the first five steps from the proposed adaptation process applied to the structures 

shown in Table 46 are summarized in Table 47. 

Table 47: Results from steps 1 through 5 of the proposed adaptation process applied to storage structure ID T1 

  Same units as the CMQ estimated 

Structure ID % Error from regression model Step 1 Step2 Step3 Step4 Step5 

2 4.51 3,358 3,509 3,505 3,663 153 

3 1.99 3,431 3,500 3,505 3,574 75 

4 -14.70 4,579 3,906 3,505 2,989 -916 

1 -11.64 3,555 3,141 3,505 3,097 -45 

8 1.18 4,310 4,360 3,505 3,546 -815 

5 19.39 3,866 4,616 3,505 4,184 -432 

9 0.76 4,692 4,728 3,505 3,531 -1197 

 

Finally, in step 6 the estimated CMQ for the target structure (ID T1) was calculated using Equation 

(47), resulting in 3,519 m3 of total (i.e., upper structure and foundation) concrete. The different 

elements required in Equation (47) are shown in Table 48. 

Table 48: Different components for step 6 of the proposed adaptation process applied to storage structure ID T1 

Structure ID % Error from Model Step 1 Step5 Step 1 + Step 5 Sim (%) (Step 1 + Step 5)*Sim 

2 4.51 3,358 153 3,511 98.75 346,737 

3 1.99 3,431 75 3,506 98.47 345,250 

4 -14.70 4,579 -916 3,662 88.21 323,062 

1 -11.64 3,555 -45 3,510 84.36 296,126 

8 1.18 4,310 -815 3,495 78.46 274,228 

5 19.39 3,866 -432 3,434 72.86 250,231 

9 0.76 4,692 -1197 3,495 70.49 246,397 

    ∑ 591.61 2,082,031 

 

  

1

2,082,031
 3,519
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n
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The estimates for concrete and reinforcement were obtained (Table 49) by applying the same process 

illustrated in sections 5.2.1.4 through 5.2.1.7 for the remaining target storages structure subtypes. 

Table 49: Estimated CMQ for target storage structures using the proposed methodology 

Structure ID Storage subtype Concrete (m3) Reinf (t) 

T1 A 3,519 649 

T2 A 5,020 929 

T3 A 5,562 1,065 

T4 A 5,175 978 

T5 B 6,383 1,065 

T6 B 8,213 1,333 

T7 B 10,453 1,706 

T8 B 6,931 1,149 

T9 C 4,027 657 

T10 C 5,612 897 

T11 C 6,459 1,006 

T12 C 7,244 1,115 

 

5.2.1.8 Sub-step 4.8: Estimate total CMQs based on estimated CMQs for CMQ-relevant structures 

As indicated in section 1.3, the estimation accuracy at the project level (i.e., cement plant) was not 

possible due to the limited amount of information for complete projects. Therefore, this step was not 

applicable.  
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6 VALIDATION 

6.1 General 

As indicated in section 2.1.2, the accuracy range is defined as the range for an estimate’s predicted 

closeness to final actual costs or time (AACEI 10S-90, 2014). The accuracy of the proposed 

methodology, i.e., its ability to be used to estimate CMQs, was tested using the actual data from 102 

target structures (i.e., not used for model development) from cement plants with a total of 234 related 

CMQs. 

6.2 Methodology 

The data used for validation was the same used in the estimation phase. For the data used for target 

storage structures refer to Table 199 in Appendix E (E.1). For the data used for target tall-frame 

structures refer to Table 206 (upper structure) and Table 207 (foundation) in Appendix E (E.2.1). 

To validate the results from the proposed methodology, the estimated quantities of the target structures 

(Table 49 in section 5.2.1.7 for storage structure subtypes A-C and Table 220 for the upper structure 

and Table 221 for the foundation of tall-frame structures in Appendix G) were compared with the 

actual quantities. The resulting errors (Equation (52)) were checked against the accuracy ranges 

proposed by Girmscheid and Motzko (2013), and Christensen and Dysert (2011) for Estimate Class 4. 

The methodology was evaluated in terms of the percentage errors from the estimated CMQs for 

individual structures with respect to the proposed accuracy ranges 65F

66. 

 %  


 est act

act

CMQ CMQ
Error

CMQ
 (52) 

6.3 Results 

6.3.1 Actual vs. estimated CMQs 

The actual and estimated CMQs for the target storage structure subtypes A-C are shown in Table 50. 

The results for the tall-frame structures are shown in Table 51 (upper structure), and Table 52 

(foundation). 

  

                                                      

66 Girmscheid and Motzko (2013) indicated an accuracy range of ±20% for Estimate Class 4. AACEI 

(Christensen & Dysert, 2011) indicated an accuracy range of -30% to +50% for Estimate Class 4. 
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Table 50: Actual and estimated CMQ for target storage structure subtypes A-C 

 Structure Actual Estimated 

Structure ID Type Subtype Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) 

T1 Storage A 3,221 608 3,519 649 

T2 Storage A 4,842 818 5,020 929 

T3 Storage A 5,876 1,158 5,562 1,065 

T4 Storage A 5,077 998 5,175 978 

T5 Storage B 6,314 1,061 6,383 1,065 

T6 Storage B 8,240 1,408 8,213 1,333 

T7 Storage B 11,235 1,629 10,453 1,706 

T8 Storage B 6,871 1,120 6,931 1,149 

T9 Storage C 4,028 649 4,027 657 

T10 Storage C 5,685 893 5,612 897 

T11 Storage C 6,494 981 6,459 1,006 

T12 Storage C 6,617 1,125 7,244 1,115 

 

Table 51: Actual and estimated CMQ for target tall-frame structure subtypes (upper structure) 

 Structure Actual Estimated 

Structure 

ID 
Type Subtype Concrete (m3) Reinf (t) 

Struct. 

steel (t) 

Concrete 

(m3) 

Reinforcement 

(t) 

Struct. 

steel 

(t) 

T13 Tall-frame A 3,998 703 0 3,810 706 N/A 

T14 Tall-frame A 3,811 743 0 3,886 717 N/A 

T15 Tall-frame A 4,104 777 0 4,066 757 N/A 

T16 Tall-frame A 3,517 639 0 3,404 641 N/A 

T17 Tall-frame A 3,024 591 0 3,063 573 N/A 

T18 Tall-frame B 6,577 1,215 0 6,389 1,181 N/A 

T19 Tall-frame B 7,450 1,312 0 7,271 1,327 N/A 

T20 Tall-frame B 6,617 1,158 0 6,556 1,181 N/A 

T21 Tall-frame B 6,429 1,198 0 6,394 1,165 N/A 

T22 Tall-frame B 6,153 1,131 0 6,108 1,098 N/A 

T23 Tall-frame C 4,491 772 0 4,344 788 N/A 

T24 Tall-frame C 3,842 735 0 3,929 733 N/A 

T25 Tall-frame C 4,129 739 0 4,073 750 N/A 

T26 Tall-frame C 4,981 887 0 4,753 870 N/A 

T27 Tall-frame C 4,273 809 0 4,436 818 N/A 

T28 Tall-frame D 5,921 1,124 0 6,159 1,121 N/A 

T29 Tall-frame D 7,719 1,352 0 7,431 1,333 N/A 

T30 Tall-frame D 6,683 1,176 0 6,701 1,228 N/A 

T31 Tall-frame D 7,639 1,394 0 7,504 1,348 N/A 

T32 Tall-frame D 6,830 1,182 0 6,844 1,231 N/A 

T33 Tall-frame E 4,740 867 0 4,734 887 N/A 

T34 Tall-frame E 4,988 887 0 4,862 899 N/A 

T35 Tall-frame E 4,948 942 0 4,723 897 N/A 

T36 Tall-frame E 5,297 972 0 5,265 987 N/A 

T37 Tall-frame E 5,647 983 0 5,383 1,008 N/A 

T38 Tall-frame F 13,390 2,476 0 13,208 2,461 N/A 

T39 Tall-frame F 10,250 1,949 0 10,468 1,967 N/A 

T40 Tall-frame F 12,587 2,268 0 12,734 2,373 N/A 

T41 Tall-frame F 11,622 2,064 0 11,410 2,114 N/A 

T42 Tall-frame F 10,588 1,906 0 10,465 1,979 N/A 

T43 Tall-frame G 3,206 513 394 3,314 520 381 

T44 Tall-frame G 2,894 486 367 3,032 471 385 

T45 Tall-frame G 2,885 448 384 2,820 447 376 

T46 Tall-frame G 2,814 442 393 2,768 437 378 

T47 Tall-frame G 2,988 450 375 2,857 456 374 
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Table 51 (continued) 

 Structure Actual Estimated 

Structure 

ID 
Type Subtype Concrete (m3) Reinf (t) 

Struct. 

steel (t) 

Concrete 

(m3) 

Reinforcement 

(t) 

Struct. 

steel (t) 

T48 Tall-frame H 5,026 795 562 4,940 764 558 

T49 Tall-frame H 4,372 678 594 4,557 696 596 

T50 Tall-frame H 4,850 812 595 5,098 776 598 

T51 Tall-frame H 5,370 790 611 5,134 782 597 

T52 Tall-frame H 5,264 770 575 5,268 807 593 

T53 Tall-frame I 3,284 510 445 3,202 500 450 

T54 Tall-frame I 4,082 672 451 4,219 659 451 

T55 Tall-frame I 4,199 632 447 4,087 641 449 

T56 Tall-frame I 3,084 526 478 3,211 502 462 

T57 Tall-frame I 4,171 642 463 3,997 618 455 

T58 Tall-frame J 5,404 837 692 5,645 864 700 

T59 Tall-frame J 6,059 985 731 6,123 938 698 

T60 Tall-frame J 5,953 957 726 6,042 933 694 

T61 Tall-frame J 5,301 853 661 5,404 835 694 

T62 Tall-frame J 6,094 932 734 6,030 917 704 

T63 Tall-frame K 3,831 585 447 3,760 589 444 

T64 Tall-frame K 4,702 733 427 4,487 714 439 

T65 Tall-frame K 3,889 641 424 3,892 614 441 

T66 Tall-frame K 4,016 636 445 4,206 658 445 

T67 Tall-frame K 4,776 759 421 4,821 764 440 

T68 Tall-frame L 10,829 1,742 670 11,082 1,742 678 

T69 Tall-frame L 9,284 1,584 666 9,646 1,516 676 

T70 Tall-frame L 11,560 1,879 671 11,358 1,793 675 

T71 Tall-frame L 10,167 1,575 706 9,939 1,551 681 

T72 Tall-frame L 8,294 1,383 690 8,363 1,325 667 

Table 52: Actual and estimated CMQ for target tall-frame structure subtypes (foundation) 

 Structure Actual Estimated 

Structure ID Type Subtype Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) 

T73 Tall-frame A/G 3,540 135 3,105 158 

T74 Tall-frame A/G 3,038 129 2,952 150 

T75 Tall-frame A/G 2,185 111 2,114 108 

T76 Tall-frame A/G 1,596 88 1,658 84 

T77 Tall-frame A/G 1,750 82 1,692 86 

T78 Tall-frame B/H 2,403 136 2,806 141 

T79 Tall-frame B/H 2,995 173 3,474 177 

T80 Tall-frame B/H 2,346 151 2,693 134 

T81 Tall-frame B/H 4,377 210 4,520 232 

T82 Tall-frame B/H 4,126 239 4,523 232 

T83 Tall-frame C/I 2,805 136 2,500 126 

T84 Tall-frame C/I 2,781 118 2,502 126 

T85 Tall-frame C/I 2,213 101 2,085 106 

T86 Tall-frame C/I 1,880 113 2,031 103 

T87 Tall-frame C/I 2,379 112 2,549 129 

T88 Tall-frame D/J 3,749 204 4,227 214 

T89 Tall-frame D/J 4,484 196 4,345 221 

T90 Tall-frame D/J 3,680 191 3,281 167 

T91 Tall-frame D/J 5,677 282 5,178 246 

T92 Tall-frame D/J 5,162 260 5,191 250 

T93 Tall-frame E/K 1,968 106 2,255 114 

T94 Tall-frame E/K 2,945 142 2,986 153 

T95 Tall-frame E/K 2,089 101 2,253 114 

T96 Tall-frame E/K 2,239 120 2,267 115 

T97 Tall-frame E/K 3,084 178 3,089 159 
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Table 52 (continued) 

 Structure Actual Estimated 

Structure ID Type Subtype Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) 

T98 Tall-frame F/L 3,446 203 3,509 177 

T99 Tall-frame F/L 3,038 158 3,567 180 

T100 Tall-frame F/L 5,328 256 4,697 239 

T101 Tall-frame F/L 4,436 210 4,642 236 

T102 Tall-frame F/L 4,514 235 4,503 229 

6.3.2 Percentage error 

Once the estimated CMQs for the target structures were calculated (Table 50-Table 52), the percentage 

errors were determined by comparing the estimated to the actual amounts (Equation (52)). The results 

are shown in Table 53. 

Table 53: % errors from proposed methodology 

 Structure Proposed Methodology 

Structure ID Type Subtype %Error (Concrete) %Error (Reinf.) %Error (Struct. Steel) 

T1 Storage A 9 7 N/A 

T2 Storage A 4 14 N/A 

T3 Storage A -5 -8 N/A 

T4 Storage A 2 -2 N/A 

T5 Storage B 1 0 N/A 

T6 Storage B 0 -5 N/A 

T7 Storage B -7 5 N/A 

T8 Storage B 1 3 N/A 

T9 Storage C 0 1 N/A 

T10 Storage C -1 0 N/A 

T11 Storage C -1 3 N/A 

T12 Storage C 9 -1 N/A 

T13 Tall-frame A -5 0 N/A 

T14 Tall-frame A 2 -4 N/A 

T15 Tall-frame A -1 -3 N/A 

T16 Tall-frame A -3 0 N/A 

T17 Tall-frame A 1 -3 N/A 

T18 Tall-frame B -3 -3 N/A 

T19 Tall-frame B -2 1 N/A 

T20 Tall-frame B -1 2 N/A 

T21 Tall-frame B -1 -3 N/A 

T22 Tall-frame B -1 -3 N/A 

T23 Tall-frame C -3 2 N/A 

T24 Tall-frame C 2 0 N/A 

T25 Tall-frame C -1 2 N/A 

T26 Tall-frame C -5 -2 N/A 

T27 Tall-frame C 4 1 N/A 

T28 Tall-frame D 4 0 N/A 

T29 Tall-frame D -4 -1 N/A 

T30 Tall-frame D 0 4 N/A 

T31 Tall-frame D -2 -3 N/A 

T32 Tall-frame D 0 4 N/A 

T33 Tall-frame E 0 2 N/A 

T34 Tall-frame E -3 1 N/A 

T35 Tall-frame E -5 -5 N/A 

T36 Tall-frame E -1 2 N/A 

T37 Tall-frame E -5 3 N/A 
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Table 53 (continued) 

 Structure Proposed Methodology 

Structure ID Type Subtype %Error (Concrete) %Error (Reinf.) %Error (Struct. Steel) 

T38 Tall-frame F -1 -1 N/A 

T39 Tall-frame F 2 1 N/A 

T40 Tall-frame F 1 5 N/A 

T41 Tall-frame F -2 2 N/A 

T42 Tall-frame F -1 4 N/A 

T43 Tall-frame G 3 1 -3 

T44 Tall-frame G 5 -3 5 

T45 Tall-frame G -2 0 -2 

T46 Tall-frame G -2 -1 -4 

T47 Tall-frame G -4 1 0 

T48 Tall-frame H -2 -4 -1 

T49 Tall-frame H 4 3 0 

T50 Tall-frame H 5 -4 1 

T51 Tall-frame H -4 -1 -2 

T52 Tall-frame H 0 5 3 

T53 Tall-frame I -3 -2 1 

T54 Tall-frame I 3 -2 0 

T55 Tall-frame I -3 1 1 

T56 Tall-frame I 4 -5 -3 

T57 Tall-frame I -4 -4 -2 

T58 Tall-frame J 4 3 1 

T59 Tall-frame J 1 -5 -4 

T60 Tall-frame J 1 -3 -4 

T61 Tall-frame J 2 -2 5 

T62 Tall-frame J -1 -2 -4 

T63 Tall-frame K -2 1 -1 

T64 Tall-frame K -5 -3 3 

T65 Tall-frame K 0 -4 4 

T66 Tall-frame K 5 3 0 

T67 Tall-frame K 1 1 5 

T68 Tall-frame L 2 0 1 

T69 Tall-frame L 4 -4 2 

T70 Tall-frame L -2 -5 1 

T71 Tall-frame L -2 -2 -4 

T72 Tall-frame L 1 -4 -3 

T73 Tall-frame A/G -12 17 N/A 

T74 Tall-frame A/G -3 17 N/A 

T75 Tall-frame A/G -3 -3 N/A 

T76 Tall-frame A/G 4 -4 N/A 

T77 Tall-frame A/G -3 5 N/A 

T78 Tall-frame B/H 17 3 N/A 

T79 Tall-frame B/H 16 2 N/A 

T80 Tall-frame B/H 15 -12 N/A 

T81 Tall-frame B/H 3 10 N/A 

T82 Tall-frame B/H 10 -3 N/A 

T83 Tall-frame C/I -11 -7 N/A 

T84 Tall-frame C/I -10 7 N/A 

T85 Tall-frame C/I -6 5 N/A 

T86 Tall-frame C/I 8 -9 N/A 

T87 Tall-frame C/I 7 15 N/A 

T88 Tall-frame D/J 13 5 N/A 

T89 Tall-frame D/J -3 13 N/A 

T90 Tall-frame D/J -11 -12 N/A 

T91 Tall-frame D/J -9 -13 N/A 

T92 Tall-frame D/J 1 -4 N/A 
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Table 53 (continued) 

 Structure Proposed Methodology 

Structure ID Type Subtype %Error (Concrete) %Error (Reinf.) %Error (Struct. Steel) 

T93 Tall-frame E/K 15 7 N/A 

T94 Tall-frame E/K 1 8 N/A 

T95 Tall-frame E/K 8 13 N/A 

T96 Tall-frame E/K 1 -4 N/A 

T97 Tall-frame E/K 0 -10 N/A 

T98 Tall-frame F/L 2 -13 N/A 

T99 Tall-frame F/L 17 14 N/A 

T100 Tall-frame F/L -12 -7 N/A 

T101 Tall-frame F/L 5 12 N/A 

T102 Tall-frame F/L 0 -3 N/A 

 

The variation observed between the % errors for the different CMQs and structures evaluated can be 

attributed to the type66F

67, quantity and quality of the data used for model development. 

6.3.3 CMQ range estimates 

The estimated amounts shown in Table 50, Table 51 and Table 52 are point estimates. In most cases, 

range estimates are preferred to get a better view of the variability of the estimated CMQs. This can be 

done by setting a significance level (e.g., α = 0.05) to determine the confidence level (CL) (e.g., 95%) 

that can be used in the creation of a confidence interval (CI). Therefore, knowing the SEE from the 

estimates using the proposed methodology (Table 54), a range of values can be set around the 

estimated CMQs by determining the lower and upper boundaries (Equation (53)). 

Table 54: SEE for the different CMQs using the proposed methodology 

Structure subtype Material SEE (CMQ units) 

Storages A-C 
CO 550 

RE 134 

Tall-frames 

A-L 

CO/US 522 

RE/US 85 

ST/US 16 

CO/FND 560 

RE/FND 30 

 

 1

2

 

 
   

 
est CLBoundary CMQ z SEE  (53) 

Where, 

z(1-CL)/2 : value for the test statistic corresponding to the smaller portion of the area (i.e., 

cumulative distribution to the right of the z value) for a given CL in a normal 

distribution 

                                                      

67 The data used to develop the CMQ estimation models for tall-frame structure subtypes was generated using 

simplified design models, while for the storage structure subtypes corresponded to actual CMQs reported in the 

as-built BoQs. 
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Table 55 shows the range estimates (for a 95% CL (z0.025 = 1.96 67F

68)) using the estimated CMQs for the 

storage structures (Table 50) as an example. 

Table 55: Low and upper boundaries for average estimated amounts from each model 

   Concrete (m3) Reinforcement (t) 

Structure ID Type Subtype Low Estimated Upper Actual Low Estimated Upper Actual 

T1 Storage A 2,441 3,519 4,597 3,221 386 649 912 608 

T2 Storage A 3,942 5,020 6,098 4,842 666 929 1,192 818 

T3 Storage A 4,484 5,562 6,640 5,876 802 1,065 1,328 1,158 

T4 Storage A 4,097 5,175 6,253 5,077 715 978 1,241 998 

T5 Storage B 5,305 6,383 7,461 6,314 802 1,065 1,328 1,061 

T6 Storage B 7,135 8,213 9,291 8,240 1,070 1,333 1,596 1,408 

T7 Storage B 9,375 10,453 11,531 11,235 1,443 1,706 1,969 1,629 

T8 Storage B 5,853 6,931 8,009 6,871 886 1,149 1,412 1,120 

T9 Storage C 2,949 4,027 5,105 4,028 394 657 920 649 

T10 Storage C 4,534 5,612 6,690 5,685 634 897 1,160 893 

T11 Storage C 5,381 6,459 7,537 6,494 743 1,006 1,269 981 

T12 Storage C 6,166 7,244 8,322 6,617 852 1,115 1,378 1,125 

 

Using the estimated amount of concrete for T1 as an example, one could be 95% sure that the actual 

amount of concrete for T1 is between 2,441 m3 and 4,597 m3. Obviously, as the CL decreases, the 

range would also decrease (e.g., for an 80% CL (z0.1 = 1.28), for T1 one could be 80% sure that the 

actual amount of concrete is between 2,815 m3 and 4,223 m3). 

6.4 Discussion 

As shown in Table 53, a total of 102 target structures (12% storage structures, 59% tall-frame 

structures (upper structure), and 29% tall-frame structures (foundation)) were used to estimate a total 

of 234 CMQs. 

For the storage structure subtypes, the errors ranged between -7% and 9% for concrete, and between -

8% and 14% for reinforcement. For the upper structure of tall-frame structure subtypes, the errors 

ranged between -5% and 5% for concrete and reinforcement, and between -4% and 5% for structural 

steel while for the foundation they ranged between -12 and 17% for concrete and between -13% and 

17% for reinforcement. The maximum and minimum errors for estimated CMQs for the different 

structure subtypes are summarized in Table 56. 

Table 56: Max and min % errors for estimated CMQs 

 Storage Tall-frame (upper structure) Tall-frame (foundation) 

CMQ Concrete Reinforcement Concrete Reinforcement Structural Steel Concrete Reinforcement 

Max 9% 14% 5% 5% 5% 17% 17% 

Min -7% -8% -5% -5% -4% -12% -13% 

 

Figure 31 shows the percentage errors for all the CMQs estimated. 

                                                      

68 From normal distribution tables or using the MS Excel’s function NORM.S.INV to obtain the inverse of the 

standard normal cumulative distribution. 
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Figure 31: Percentage errors (+ and –) for estimated CMQs during validation 

6.5 Conclusion 

The proposed methodology was used to estimate 234 CMQs. The errors ranged from -13% to 17%, 

with over 70% of the estimated CMQs with a percentage error below ±5 (Table 57 and Figure 32). 

Table 57: Percentage of estimated CMQs for a given percentage error 

% Error - Percentage error + Percentage error - & + Percentage error (combined) Cumulative (%) 

< 5 48 52 72 72 

5 < 10 11 13 17 89 

10 < 20 6 10 11 100 

20 < 30 0 0 0 - 

30 < 40 0 0 0 - 

40 < 50 0 0 0 - 

> 50 0 0 0 - 

 

 

Figure 32: Distribution of errors for estimated CMQs during validation 
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All the estimations were within the specified ranges of ±20% (Girmscheid & Motzko, 2013) and -23% 

to +35% (Christensen & Dysert, 2011) for Estimate Class 4. The proposed methodology seems to 

provide a systematic way to develop accurate CMQ estimates during an early project phase. 
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7 COMPARISON OF THE PROPOSED METHODOLOGY WITH TYPICAL ESTIMATION PRACTICES 

This chapter compares the estimates using the proposed methodology with those from different 

techniques typically used when making estimates. The techniques used for comparison were 

regression analysis, neural networks, and case-based reasoning. 

7.1 Methodology 

The same data from the proposed methodology was used in the development of estimation models 

using regression analysis, neural networks, and cases-based reasoning. Once those models where 

developed they were exposed to the same validation data used in the proposed methodology (Chapter 

6). 

7.1.1 Regression models 

The regression models were developed using linear regression and the BET (section 4.3.2.1) without 

transforming the dataset (Equation (1)). The developed models for the different structure subtypes and 

CMQs are summarized in Table 58. The coefficients for all the IVs used in the models were 

statistically significant from zero for α=0.05. 

Table 58: Regression models used for comparison with proposed methodology 

 

7.1.2 Neural network models  

The neural network models used were the ones developed during step 3 (sections 3.2.3.2 and 3.2.3.3.8) 

of the proposed methodology for the different structures and CMQs evaluated. The weights for the 

different neural network models used can be found in the tables indicated in Table 59. 

Table 59: NN model used for comparison with proposed methodology 

 NN model can be found in… 

Structure subtype Concrete Reinforcement Structural Steel 

Storage structure subtypes A-C Table 36 (page 102) Table 36 (page 102) Not applicable 

Tall-frame structure subtypes 

A-L (upper structure) 
Table 214 (page 194) Table 214 (page 194) Table 215 (page 194) 

Tall-frame structure subtypes 

A-L (foundation) 
Table 216 (page 194) Table 216 (page 194) Not applicable 

Variable/ 

unstandardized 

coefficients

STGS_A-C/

BET-CO

STGS_A-C/

BET-RE

TFS_A-L/US/

BET-CO

TFS_A-L/US/

BET-RE

TFS_A-L/US/

FST-ST

TFS_A-L/FND/

BET-CO

TFS_A-L/FND/

BET-RE

(Constant) -1.05E+03 -1.19E+02 -4.68E+03 -9.54E+02 6.74E+02 5.45E+03 2.76E+02

Cap_t 5.06E-02 8.21E-03 - - - - -

TypeB -2.29E+03 -4.27E+02 - - - - -

Diam_m 1.48E+02 2.34E+01 - - - - -

HB - - -9.28E+02 -3.27E+02 - -

Height_m 4.25E+01 6.54E+00 9.37E+01 1.73E+01 -1.77E-01 - -

S1 3.48E+03 7.97E+02 - - - 2.77E+02 1.49E+01

Soil_BC - - -4.91E+00 -2.62E-01 -2.55E+01

Soil_Factor - - -3.72E+02 - 2.56E+00 - -1.30E+00

Stages_4 - - -3.39E+02 -4.96E+01 -7.21E+01 -7.65E+02 -3.79E+01

Stages_5 - - -4.27E+02 -8.26E+01 1.44E+01 -3.70E+02 -1.88E+01

String_1 - - -2.63E+03 -4.31E+02 -2.30E+02 -1.37E+03 -6.92E+01

Wind_Sp - - 3.96E+01 6.22E+00 3.21E-01 - -

Model
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7.1.3 Case-based reasoning models 

The estimations using case-based reasoning were based on the general CBR approach described in 

section 2.2.2.2. These models used the same similarity function (i.e., the similarity using the City-

block distance with the adjusted unstandardized coefficients from the selected regression model; refer 

to section 4.5 for additional information) and similarity threshold (i.e., 70%; refer to section 4.7 for 

additional information) used by the proposed methodology; however, no adaptation was made. 

7.2 Results 

The results for the estimation of concrete and reinforcement for the storage structure subtypes used in 

this study from the different techniques are summarized in Table 60. 

Table 60: Estimated CMQs for target storage structure subtypes using regression, NN, and CBR 

  Regression analysis Neural networks Case-based reasoning 

Structure ID Subtype Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) 

T1 A 4,445 707 3,395 647 3,970 695 

T2 A 6,857 1,098 4,705 860 5,437 988 

T3 A 7,363 1,239 5,856 1,100 5,107 951 

T4 A 6,579 1,072 4,815 866 5,101 918 

T5 B 9,576 1,553 5,938 1,024 7,715 1,242 

T6 B 11,776 1,881 8,011 1,367 8,630 1,375 

T7 B 13,767 2,245 10,784 1,754 9,353 1,521 

T8 B 11,154 1,787 7,797 1,244 7,096 1,132 

T9 C 5,010 805 3,920 687 4,080 657 

T10 C 6,165 1,009 4,437 803 5,803 939 

T11 C 6,618 1,058 4,908 810 6,339 995 

T12 C 6,728 1,062 5,115 796 6,721 1,097 

 

The results for the estimation of concrete, reinforcement, and structural steel for the upper structure, 

and concrete and reinforcement for the foundation of tall-frame structure subtypes used in this 

comparison from the different techniques are summarized in Table 61 (concrete and reinforcement in 

the upper structure), Table 62 (structural steel in the upper structure) and Table 63 (concrete and 

reinforcement in the foundation). 

Table 61: Estimated concrete and reinforcement (upper structure) for target tall-frame structure subtypes using regression, NN, and 

CBR 

  Regression analysis Neural networks Case-based reasoning 

Structure ID Subtype Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) 

T13 A 3,930 762 3,578 690 3,637 682 

T14 A 4,005 766 3,812 729 3,700 694 

T15 A 4,362 843 3,749 712 3,623 684 

T16 A 3,494 715 3,426 603 3,338 638 

T17 A 2,635 554 3,179 577 3,317 635 

T18 B 6,759 1,243 6,445 1,125 6,325 1,124 

T19 B 7,503 1,347 7,008 1,240 6,743 1,190 

T20 B 6,739 1,211 6,348 1,168 6,872 1,211 

T21 B 6,539 1,201 6,089 1,129 6,603 1,168 

T22 B 6,129 1,105 5,816 1,109 6,788 1,197 

T23 C 4,186 779 4,250 912 4,684 820 

T24 C 3,736 736 3,736 778 4,164 803 

T25 C 3,674 709 3,779 843 4,505 847 

T26 C 4,936 917 4,667 942 4,835 863 

T27 C 4,423 847 4,133 871 4,594 850 
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Table 61 (continued) 

  Regression analysis Neural networks Case-based reasoning 

Structure ID Subtype Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) 

T28 D 5,940 1,087 6,536 1,109 6,839 1,211 

T29 D 7,058 1,256 7,143 1,300 7,421 1,315 

T30 D 6,687 1,224 7,116 1,188 6,984 1,245 

T31 D 7,074 1,271 7,207 1,308 7,421 1,315 

T32 D 6,407 1,152 6,537 1,200 7,136 1,269 

T33 E 4,922 945 4,510 849 4,576 863 

T34 E 4,992 939 4,713 926 4,832 891 

T35 E 5,382 1,035 4,711 803 4,508 849 

T36 E 5,559 1,053 5,171 907 4,803 890 

T37 E 5,823 1,099 5,372 926 4,935 901 

T38 F 12,010 2,170 12,541 2,283 11,236 2,155 

T39 F 10,206 1,869 10,142 2,028 10,138 2,023 

T40 F 11,665 2,118 12,095 2,244 11,068 2,128 

T41 F 10,579 1,910 11,301 2,135 11,070 2,119 

T42 F 10,568 1,940 10,106 2,037 10,123 2,001 

T43 G 4,145 799 3,386 509 3,046 478 

T44 G 3,539 681 3,377 509 2,919 454 

T45 G 3,369 677 3,033 458 2,796 436 

T46 G 3,218 643 3,004 459 2,801 437 

T47 G 3,641 743 3,090 457 2,945 459 

T48 H 6,233 1,139 4,891 781 4,807 750 

T49 H 5,479 993 4,629 765 4,680 730 

T50 H 6,274 1,126 5,143 831 5,051 776 

T51 H 6,129 1,105 5,164 834 4,975 776 

T52 H 6,361 1,154 5,122 832 4,996 779 

T53 I 3,549 702 3,209 546 3,386 528 

T54 I 5,396 1,017 4,231 630 3,998 624 

T55 I 5,172 976 3,919 601 3,667 572 

T56 I 3,692 713 3,222 544 3,395 530 

T57 I 4,998 926 4,279 652 3,899 608 

T58 J 6,562 1,188 5,453 835 5,651 882 

T59 J 7,107 1,280 5,842 885 5,727 893 

T60 J 7,116 1,305 6,007 865 5,811 906 

T61 J 6,499 1,182 5,563 800 5,743 896 

T62 J 6,770 1,217 5,674 892 5,832 910 

T63 K 4,465 864 3,603 606 3,930 613 

T64 K 5,909 1,119 4,304 608 3,932 613 

T65 K 4,771 916 3,707 597 3,894 607 

T66 K 5,182 984 4,189 640 4,307 672 

T67 K 6,305 1,181 4,827 638 4,173 651 

T68 L 11,846 2,135 11,977 1,880 11,642 1,819 

T69 L 10,518 1,910 9,912 1,608 10,833 1,690 

T70 L 12,252 2,224 12,279 1,901 11,055 1,797 

T71 L 10,617 1,914 10,309 1,694 11,685 1,823 

T72 L 9,916 1,829 8,834 1,372 9,264 1,444 
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Table 62: Estimated structural steel (upper structure) for target tall-frame structure subtypes using regression, NN, and CBR 

  Regression analysis Neural networks Case-based reasoning 

Structure ID Subtype Structural steel (t) Structural steel (t) Structural steel (t) 

T43 G 374 384 374 

T44 G 377 376 375 

T45 G 368 390 365 

T46 G 370 386 369 

T47 G 367 399 364 

T48 H 601 600 602 

T49 H 605 595 604 

T50 H 609 603 607 

T51 H 607 603 607 

T52 H 604 603 606 

T53 I 456 440 462 

T54 I 462 451 455 

T55 I 456 453 461 

T56 I 455 442 449 

T57 I 465 437 458 

T58 J 686 688 688 

T59 J 687 691 688 

T60 J 684 688 685 

T61 J 683 686 683 

T62 J 688 690 688 

T63 K 445 453 442 

T64 K 441 452 447 

T65 K 441 452 445 

T66 K 448 456 438 

T67 K 444 455 444 

T68 L 674 682 705 

T69 L 668 675 683 

T70 L 672 672 689 

T71 L 674 692 703 

T72 L 664 649 647 

Table 63: Estimated CMQs for the foundation of target tall-frame structure subtypes using regression, NN, and CBR 

  Regression analysis Neural networks Case-based reasoning 

Structure ID Subtype Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) 

T73 A/G 3,165 162 2,353 104 1,842 95 

T74 A/G 3,012 154 2,358 103 1,842 95 

T75 A/G 2,547 131 2,968 168 1,845 93 

T76 A/G 1,636 84 3,209 152 1,829 93 

T77 A/G 1,724 89 3,242 152 1,829 93 

T78 B/H 3,165 162 3,268 152 3,188 154 

T79 B/H 4,071 208 3,005 170 3,188 167 

T80 B/H 2,963 151 3,195 152 3,188 154 

T81 B/H 4,533 232 5,052 269 5,269 274 

T82 B/H 4,536 232 5,052 269 5,269 274 

T83 C/I 2,926 149 2,017 115 2,280 119 

T84 C/I 2,929 149 2,017 115 2,280 119 

T85 C/I 2,216 113 2,117 115 2,297 116 

T86 C/I 2,072 106 2,102 113 2,297 116 

T87 C/I 2,990 152 2,018 117 2,280 119 

T88 D/J 4,309 219 3,449 156 3,162 160 

T89 D/J 4,394 223 3,473 157 3,162 165 

T90 D/J 3,560 181 3,319 152 3,136 157 

T91 D/J 4,768 242 5,178 246 NA NA 

T92 D/J 4,964 253 5,191 250 NA NA 
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Table 63 (continued) 

  Regression analysis Neural networks Case-based reasoning 

Structure ID Subtype Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) Concrete (m3) Reinf (t) 

T93 E/K 2,459 125 2,445 116 2,303 115 

T94 E/K 3,340 170 2,411 111 2,252 112 

T95 E/K 2,453 125 2,444 116 2,303 115 

T96 E/K 2,481 126 2,449 116 2,303 115 

T97 E/K 3,459 176 2,418 112 2,252 112 

T98 F/L 3,720 189 3,272 185 3,592 184 

T99 F/L 3,772 191 3,292 185 3,592 184 

T100 F/L 4,773 243 4,221 214 4,049 203 

T101 F/L 4,728 240 4,208 214 4,049 203 

T102 F/L 4,637 235 4,182 212 4,049 203 

7.3 Comparison 

7.3.1 Percentage errors and MAPEs  

To compare the results from the proposed methodology to the other techniques (Table 60-Table 63), 

the percentage errors for the target structures were calculated (Equation (52)) and the resulting MAPEs 

(Equation (51)) for the different structure types and CMQs were compared. 

The percentage errors and corresponding MAPEs for the different structure subtypes are summarized 

in Table 64 (storage structures), Table 65 (concrete and reinforcement in the upper structure of tall-

frame structures), Table 66 (structural steel in the upper structure of tall-frame structures), and Table 

67 (foundation of tall-frame structures). 

Table 64: % Error between actual and estimated CMQs (and MAPEs) for target storage structure subtypes using the proposed 

methodology, regression, NN, and CBR 

 Proposed methodology Regression analysis Neural networks Case-based reasoning 

Structure 

ID 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

T1 9 7 38 16 5 6 23 14 

T2 4 14 42 34 -3 5 12 21 

T3 -5 -8 25 7 0 -5 -13 -18 

T4 2 -2 30 7 -5 -13 0 -8 

T5 1 0 52 46 -6 -3 22 17 

T6 0 -5 43 34 -3 -3 5 -2 

T7 -7 5 23 38 -4 8 -17 -7 

T8 1 3 62 60 13 11 3 1 

T9 0 1 24 24 -3 6 1 1 

T10 -1 0 8 13 -22 -10 2 5 

T11 -1 3 2 8 -24 -17 -2 1 

T12 9 -1 2 -6 -23 -29 2 -2 

MAPE 3 4 29 24 9 10 9 8 
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Table 65: % Error between actual and estimated concrete and reinforcement (and MAPEs) for tall-frame structure subtypes (upper 

structure) using the proposed methodology, regression, NN, and CBR 

 Proposed methodology Regression analysis Neural networks Case-based reasoning 

Structure 

ID 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

T13 -5 0 -2 8 -10 -2 -9 -3 

T14 2 -4 5 3 0 -2 -3 -7 

T15 -1 -3 6 8 -9 -8 -12 -12 

T16 -3 0 -1 12 -3 -6 -5 0 

T17 1 -3 -13 -6 5 -2 10 7 

T18 -3 -3 3 2 -2 -7 -4 -8 

T19 -2 1 1 3 -6 -5 -9 -9 

T20 -1 2 2 5 -4 1 4 5 

T21 -1 -3 2 0 -5 -6 3 -3 

T22 -1 -3 0 -2 -5 -2 10 6 

T23 -3 2 -7 1 -5 18 4 6 

T24 2 0 -3 0 -3 6 8 9 

T25 -1 2 -11 -4 -8 14 9 15 

T26 -5 -2 -1 3 -6 6 -3 -3 

T27 4 1 4 5 -3 8 8 5 

T28 4 0 0 -3 10 -1 16 8 

T29 -4 -1 -9 -7 -7 -4 -4 -3 

T30 0 4 0 4 6 1 4 6 

T31 -2 -3 -7 -9 -6 -6 -3 -6 

T32 0 4 -6 -3 -4 2 4 7 

T33 0 2 4 9 -5 -2 -3 0 

T34 -3 1 0 6 -6 4 -3 0 

T35 -5 -5 9 10 -5 -15 -9 -10 

T36 -1 2 5 8 -2 -7 -9 -8 

T37 -5 3 3 12 -5 -6 -13 -8 

T38 -1 -1 -10 -12 -6 -8 -16 -13 

T39 2 1 0 -4 -1 4 -1 4 

T40 1 5 -7 -7 -4 -1 -12 -6 

T41 -2 2 -9 -7 -3 3 -5 3 

T42 -1 4 0 2 -5 7 -4 5 

T43 3 1 29 56 6 -1 -5 -7 

T44 5 -3 22 40 17 5 1 -7 

T45 -2 0 17 51 5 2 -3 -3 

T46 -2 -1 14 46 7 4 0 -1 

T47 -4 1 22 65 3 2 -1 2 

T48 -2 -4 24 43 -3 -2 -4 -6 

T49 4 3 25 46 6 13 7 8 

T50 5 -4 29 39 6 2 4 -4 

T51 -4 -1 14 40 -4 6 -7 -2 

T52 0 5 21 50 -3 8 -5 1 

T53 -3 -2 8 38 -2 7 3 4 

T54 3 -2 32 51 4 -6 -2 -7 

T55 -3 1 23 55 -7 -5 -13 -9 

T56 4 -5 20 35 4 3 10 1 

T57 -4 -4 20 44 3 1 -7 -5 

T58 4 3 21 42 1 0 5 5 

T59 1 -5 17 30 -4 -10 -5 -9 

T60 1 -3 20 36 1 -10 -2 -5 

T61 2 -2 23 39 5 -6 8 5 

T62 -1 -2 11 31 -7 -4 -4 -2 
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Table 65 (continued) 

 Proposed methodology Regression analysis Neural networks Case-based reasoning 

Structure 

ID 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

T63 -2 1 17 48 -6 4 3 5 

T64 -5 -3 26 53 -8 -17 -16 -16 

T65 0 -4 23 43 -5 -7 0 -5 

T66 5 3 29 55 4 1 7 6 

T67 1 1 32 56 1 -16 -13 -14 

T68 2 0 9 23 11 8 8 4 

T69 4 -4 13 21 7 2 17 7 

T70 -2 -5 6 18 6 1 -4 -4 

T71 -2 -2 4 22 1 8 15 16 

T72 1 -4 20 32 7 -1 12 4 

MAPE 2 2 12 24 5 5 7 6 

Table 66: % Error between actual and estimated structural steel (and MAPEs) for tall-frame structure subtypes (upper structure) 

using the proposed methodology, regression, NN, and CBR 

 Proposed methodology Regression analysis Neural networks Case-based reasoning 

Structure ID %Error (Struct. Steel) %Error (Struct. Steel) %Error (Struct. Steel) %Error (Struct. Steel) 

T43 -3 -5 -2 -5 

T44 5 3 2 2 

T45 -2 -4 2 -5 

T46 -4 -6 -2 -6 

T47 0 -2 6 -3 

T48 -1 7 7 7 

T49 0 2 0 2 

T50 1 2 1 2 

T51 -2 -1 -1 -1 

T52 3 5 5 5 

T53 1 2 -1 4 

T54 0 2 0 1 

T55 1 2 1 3 

T56 -3 -5 -7 -6 

T57 -2 0 -6 -1 

T58 1 -1 -1 -1 

T59 -4 -6 -5 -6 

T60 -4 -6 -5 -6 

T61 5 3 4 3 

T62 -4 -6 -6 -6 

T63 -1 -1 1 -1 

T64 3 3 6 5 

T65 4 4 7 5 

T66 0 1 2 -2 

T67 5 5 8 5 

T68 1 1 2 5 

T69 2 0 1 3 

T70 1 0 0 3 

T71 -4 -4 -2 0 

T72 -3 -4 -6 -6 

MAPE 2 3 3 4 
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Table 67: % Error between actual and estimated CMQs (and MAPEs) for tall-frame structure subtypes (foundation) using 

regression, NN, and CBR 

 Proposed methodology Regression Neural network Case-based reasoning 

Structure 

ID 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

%Error 

(Concrete) 

%Error 

(Reinf.) 

T73 -12 17 -11 20 -34 -23 -48 -30 

T74 -3 17 -1 20 -22 -20 -39 -26 

T75 -3 -3 17 18 36 51 -16 -16 

T76 4 -4 3 -4 101 73 15 6 

T77 -3 5 -1 9 85 86 5 14 

T78 17 3 32 19 36 11 33 13 

T79 16 2 36 20 0 -2 6 -4 

T80 15 -12 26 0 36 0 36 2 

T81 3 10 4 10 15 28 20 30 

T82 10 -3 10 -3 22 12 28 15 

T83 -11 -7 4 9 -28 -16 -19 -13 

T84 -10 7 5 26 -27 -3 -18 1 

T85 -6 5 0 12 -4 14 4 15 

T86 8 -9 10 -6 12 0 22 3 

T87 7 15 26 36 -15 5 -4 6 

T88 13 5 15 7 -8 -24 -16 -22 

T89 -3 13 -2 14 -23 -20 -29 -16 

T90 -11 -12 -3 -5 -10 -20 -15 -18 

T91 -9 -13 -16 -14 -9 -13 * * 

T92 1 -4 -4 -3 1 -4 * * 

T93 15 7 25 17 24 9 17 8 

T94 1 8 13 20 -18 -22 -24 -21 

T95 8 13 17 24 17 15 10 14 

T96 1 -4 11 5 9 -4 3 -4 

T97 0 -10 12 -1 -22 -37 -27 -37 

T98 2 -13 8 -7 -5 -9 4 -10 

T99 17 14 24 21 8 17 18 17 

T100 -12 -7 -10 -5 -21 -16 -24 -21 

T101 5 12 7 14 -5 2 -9 -3 

T102 0 -3 3 0 -7 -10 -10 -14 

MAPE 8 9 12 12 22 19 18 14 
Legend: * (the estimation using CBR for these target structures was not possible because there were no existing structures meeting the 

similarity threshold requirement) 

7.3.2 Statistical significance 

To evaluate the statistical significance of the performance of the proposed methodology, determined 

by the MAPE, the following hypotheses were established and statistical tests conducted. 

Null Hypothesis: There is no difference between the absolute errors from the proposed 

methodology and the other technique (H0: μ1 = μ2) 

Alternative Hypothesis:  There is a difference between the absolute errors from the proposed 

methodology and the other technique (H1: μ1 ≠ μ2) 

μ1 and μ2 correspond to the MAPEs for the proposed methodology and the compared techniques (i.e., 

regression, NN, CBR), respectively, for each CMQ. Since the same dataset was used for testing the 

models in the proposed methodology and the compared technique, it was appropriate to use a 

dependent t-test (also called paired-sample t-test). In addition, due to the non-directionality of the 

alternative hypothesis (H1: μ1 ≠ μ2) both sides of the distribution were tested (two-tailed test). The null 

hypothesis was tested at α = 0.05, and it was rejected when the observed t value (tobs) (Equation (54)) 
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was greater than the critical t value (tcrit) (i.e., the corresponding value for a given α and degree of 

freedom in the Student’s t-distribution) (Equation (55)). 

 
0 

.




diff

obs

X
t

Std Dev
df

 (54) 

Where, 

tobs :  observed t value 

diffX :  mean value of the difference between the samples being compared 

μ0 :  hypothesized mean difference (in this case μ0 = 0) 

Std.Dev : standard deviation 

df :  degrees of freedom (n-1) 

 When tobs ≥ tcrit → reject H0 (55) 

An example of how this test was conducted is shown below using the results from the estimation of 

the amount of reinforcement required in the construction of storage structure subtypes A-C from the 

proposed methodology and the NN model. The information used for this example is shown in Table 

68. 

Table 68: Example of how the t-test was conducted using the estimation of reinforcement in storage structures with the proposed 

methodology and the NN model 

 Proposed Methodology Neural Network  

ID Abs Error (decimal) Abs %Error (decimal) Difference 

T1 0.067 0.064 0.003 

T2 0.136 0.051 0.084 

T3 0.080 0.050 0.030 

T4 0.020 0.132 -0.112 

T5 0.004 0.035 -0.031 

T6 0.053 0.029 0.024 

T7 0.047 0.077 -0.029 

T8 0.026 0.111 -0.085 

T9 0.012 0.059 -0.046 

T10 0.004 0.101 -0.096 

T11 0.025 0.174 -0.149 

T12 0.009 0.292 -0.284 

  
diffX  -0.058 

  Std.Dev 0.093 

 

Using the values from Table 68 into Equation (54), the observed t value was calculated as follows. 

0.058 0
 2.045
0.093

(12 1)

 
  



obst  
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From the Student’s t-distribution table68F

69 (Triola, 2001), with df = 11 and α/2 = 0.025 (because the two 

tails are being tested) one can find that the tcrit value is -2.201 (or by symmetry 2.201). Since the tobs is 

not greater that the tcrit, the null hypothesis cannot be rejected69F

70. 

The same process was done for all the structures and CMQs estimated with the proposed methodology 

and the techniques used for comparison. The results from the statistical tests are summarized in Table 

69. 

Table 69: Comparison between proposed methodology and other techniques for the estimation of concrete in storage structures 

Structure type CMQ Proposed methodology vs. tobs (Equation (54)) tcrit (α/2) Reject Ho? 

Storage Concrete RA 4.399 2.201 Yes 

Storage Concrete NN 2.139 2.201 No 

Storage Concrete CBR 2.369 2.201 Yes 

Storage Reinforcement RA 3.920 2.201 Yes 

Storage Reinforcement NN 2.045 2.201 No 

Storage Reinforcement CBR 2.540 2.201 Yes 

Tall-frame (US) Concrete RA 7.838 2.001 Yes 

Tall-frame (US) Concrete NN 6.918 2.001 Yes 

Tall-frame (US) Concrete CBR 7.384 2.001 Yes 

Tall-frame (US) Reinforcement RA 8.154 2.001 Yes 

Tall-frame (US) Reinforcement NN 4.978 2.001 Yes 

Tall-frame (US) Reinforcement CBR 6.871 2.001 Yes 

Tall-frame (US) Structural steel RA 2.752 2.045 Yes 

Tall-frame (US) Structural steel NN 2.634 2.045 Yes 

Tall-frame (US) Structural steel CBR 3.726 2.045 Yes 

Tall-frame (FND) Concrete RA 3.190 2.045 Yes 

Tall-frame (FND) Concrete NN 3.465 2.045 Yes 

Tall-frame (FND) Concrete CBR 4.960 2.052* Yes 

Tall-frame (FND) Reinforcement RA 2.467 2.045 Yes 

Tall-frame (FND) Reinforcement NN 2.641 2.045 Yes 

Tall-frame (FND) Reinforcement CBR 3.167 2.052* Yes 
Legend: * (variation in tcrit due to cases not being able to be estimated because none of the existing structures met the similarity threshold 

requirement); US (upper structure); FND (foundation) 

7.4 Discussion 

The MAPEs for the different structures and CMQs (from section 7.3.1 and summarized in Table 70), 

showed that the proposed methodology performed better than the other techniques. In some cases the 

difference was bigger than others (e.g., for the estimates of concrete in storage structures the proposed 

methodology had a MAPE of 3% vs. 29% from the regression model). Other times, the difference was 

not that obvious (e.g., for the estimates of structural steel in the upper structure of tall-frame structures 

the proposed methodology had a MAPE of 2% vs. 3% from the regression and NN models), but still 

better. 

  

                                                      

69 One could also use the MS Excel’s function T.INV.2T to obtain the t-value of the Student’s t-distribution. 
70 To avoid confusion when comparing the results from the t-test the absolute values from the tobs and tcrit have 

been used (i.e., using the values at the right side of the Student’s t-distribution). 
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Table 70: Summary of MAPEs (%) from the proposed methodology (PM), regression, NN, and CBR 

 
Concrete Reinforcement Structural steel 

 
PM RA NN CBR PM RA NN CBR PM RA NN CBR 

Storage structures 3 29 9 9 4 24 10 8 N/A N/A N/A N/A 

Tall-frame structures (US) 2 12 5 7 2 24 5 6 2 3 3 4 

Tall-frame structures (FND) 8 12 22 18 9 12 19 14 N/A N/A N/A N/A 
Legend: US (upper structure); FND (foundation); PM (proposed methodology) 

The results from the 21 statistical hypothesis tests conducted (Table 69), show that in most cases 

(19/21 or 90% of the cases 70F

71) the null hypothesis was rejected; meaning that, when estimating the 

CMQs required in the construction of the structures investigated, there was a statistically significant 

difference between the MAPE from the proposed methodology and the MAPE from the techniques 

being compared. 

7.5 Conclusion 

The proposed methodology, not only provides a systematic way to develop accurate CMQ estimates 

during an early project phase (refer to Chapter 6), but it also performs better (lower MAPEs) that other 

techniques typically used to develop models to make such estimates (e.g., regression, NN, and CBR). 

This improved performance of the proposed methodology did not occur by chance, as proved by the 

statistical hypothesis tests conducted on the estimation of CMQs for the structures investigated using 

RA, NN and CBR. 

 

                                                      

71 The only cases where the null hypothesis was accepted were for the estimation of concrete and reinforcing in 

storage structures using the NN model (Table 69). That is, in those two cases there was not a statistically 

significant difference between the proposed methodology and the NN model; however, the MAPEs from the 

proposed methodology were still lower. 
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8 CONCLUSION, CONTRIBUTIONS, LIMITATIONS, AND FUTURE WORK 

8.1 Conclusion 

Cost overruns are typical in most construction projects regardless of the industry. Over the past 70 

years cost estimates have not improved and cost overruns have not decreased. A novel methodology to 

make preliminary estimates (Class 4 estimates) has been proposed to estimate, during the early stages 

of a project (i.e., Estimate Class 4), the amount of construction material quantities (CMQs) required in 

the construction of structures, making a clear separation between technical estimates (quantities) and 

market fluctuations (cost of materials and labor). 

The proposed methodology consists of two distinct phases, the pre-estimation phase and the estimation 

phase. The first phase includes data collection and preprocessing, identification of CMQ-relevant 

structures, and the development of estimation models using regression analysis and neural networks, 

which uses an information criterion to select among the different developed models. In the second 

phase, the three basic concepts, learning, adjusting, and estimating, were integrated by combining 

regression analysis, NNs and CBR to create a hybrid CMQ estimation methodology. All the phases 

and corresponding steps for the proposed methodology are described in Chapter 3. 

All the different elements used in the proposed methodology were investigated in Chapter 4. Those 

investigations led to the following conclusions: 

1. Regression technique: the BET should be used to develop regression models, instead of the 

FST. 

2. Performance metric: the AICc metric should be the metric used when selecting a model from a 

set of developed models. 

3. Similarity function: the City-block distance with the adjusted unstandardized coefficients from 

the selected regression model should be used to determine the similarity between the target 

and existing structures. 

4. Adaptation: the proposed adaptation process, using the regression models to make 

adjustments, should be used to account for the variations between the target and existing 

structures. 

5. Similarity threshold: a similarity threshold of 70% should be used to set the minimum 

matching requirement for selecting existing structures used as basis for the CMQ estimates of 

the target structure. 

Chapter 5 showed an example of the complete proposed methodology. In that example the two phases 

were put together, taking into consideration available data, to show how the proposed methodology 

provided a systematic procedure for the creation of preliminary CMQ estimates. The example was 

made using the storage structure subtypes A-C from cement plants. A similar example for the tall-

frame structure subtypes A-L from cement plants was shown in Appendix F and Appendix G. From 

these examples a total of 234 CMQs were estimated (from 102 target structures). The estimated CMQs 

were validated in Chapter 6. The proposed methodology provided CMQ estimates with an error 

ranging from -13% to 17% with 72% of the estimated CMQs with a percentage error below ±5; all 

below the recommended accuracy ranges for Estimate Class 4. In addition, regression analysis, neural 

networks, and case-based reasoning were used to develop models to estimate CMQs and compare 

them with the CMQ estimates using the proposed methodology. The results from this comparison, 

shown in Chapter 7, indicated that the CMQ estimates from the proposed methodology outperformed 

the ones from the other techniques. For example, for the estimates of concrete in storage structure 
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subtypes A-C, the proposed methodology had a MAPE of 3% vs. 29%, 9% and 9% from the 

regression, NN and CBR models respectively. 

Finally, the statistical significance of the performance of the proposed methodology was tested using 

the null hypothesis that there was no difference between the absolute errors from the proposed 

methodology and the other technique (H0: μ1 = μ2) with α = 0.05. The null hypothesis was rejected in 

90% of the tests, indicating that in only 10% of the tests there was not a statistical difference between 

the two; nevertheless the MAPEs from the proposed methodology were lower than the other technique 

(MAPEproposed methodology = 3% and 4% vs. MAPENN = 9% and 10% for concrete and reinforcement, 

respectively). 

8.2 Contributions 

8.2.1 Scientific contributions 

Most of the merit of this doctoral thesis comes from the development of the different processes to use 

existing techniques to constitute the proposed methodology. These include processes that analytically: 

1. investigate different regression techniques to make estimation models, 

2. develop CMQ estimation models using the most appropriate techniques, 

3. investigate the most appropriate metric to evaluate the developed model, 

4. evaluate different elements of the CBR process (e.g., similarity functions, adaptation process, 

similarity thresholds), and 

5. incorporate different techniques in the creation of estimation models. 

The proposed methodology is a new contribution in the following research areas: 

1. Development of CMQ estimates 

2. Interaction and integration of different techniques in the development of estimation models 

8.2.2 Practical contributions 

The proposed methodology is set up in a way that takes the project estimator through all the necessary 

steps, from data collection and analysis to model development and integration, required in the 

development of accurate CMQ estimation models in a consistent and systematic way. 

In addition, the CMQ estimates developed using the proposed methodology, allow the project 

estimators to use the most current unit cost information for the location where the project will be built. 

It allows managers to have a better understanding of the CMQs required while giving them flexibility 

during the decision making process, by allowing for the consideration of different alternatives for the 

structures to be built in a given time and location (e.g., reinforced concrete vs. hybrid structures). 

8.3 Limitations 

As indicated in section 1.3, the proposed methodology is focused in the estimation of CMQs and not 

cost. However, the final objective would be to use the estimated CMQs as the basis for making cost 

estimates. 

Although the proposed methodology is conceived to apply to any construction project in any industry 

type (e.g., industrial, commercial, residential, civil work), its implementation and demonstration in this 

doctoral thesis was limited to the industrial sector, in particular for the preparation of preliminary 

CMQ estimates for the structures involved during the manufacturing process of cement in greenfield 

cement plant projects. 



Chapter 8 Conclusion, contributions, limitations, and future work 

132 of 215 

Based on the available data, the proposed methodology has been illustrated (Chapter 5, Appendix F 

and Appendix G) by estimating CMQs for two of the six (Table 30) CMQ-relevant structures in 

greenfield cement plant projects. The performance of the proposed methodology was measured in 

terms of the accuracy of the estimates (i.e., MAPE) for the selected structure subtypes. The estimation 

accuracy at the project level (i.e., cement plant) was not possible due to the limited amount of 

information for complete projects. 

Additional work and research should be carried out to address these limitations and promote the 

advancement in the development of CMQ estimates (or resources in general) and the interaction and 

integration of different techniques in the development of estimation models for construction projects. 

8.4 Future work 

The proposed methodology has proven to be an effective way to estimate CMQs at an early stage of a 

construction project. Many areas are covered by the proposed methodology, from different estimation 

techniques (i.e., traditional regression and artificial intelligence), to the determination of sample size 

for reliable model development, to the investigation of different metrics based on information theory, 

opening the door to multiple research opportunities with the potential to further advance the 

integration of different techniques used to develop estimation models and exploit the applications of 

the proposed methodology in the engineering, management and construction fields. 

To address the limitations indicated in section 8.3 and promoting the implementation of the proposed 

methodology, the following suggestions are made: 

CMQ estimates are beneficial because they allow for a clear separation between technical estimates 

(quantities) and market fluctuations (cost of materials and labor) and they can be easily coupled with 

cost data (i.e., the corresponding unit cost for each estimated CMQ) to develop cost estimates. 

Investigation regarding the performance of cost estimates derived from this implementation of the 

proposed methodology would be of interest. 

Although the proposed methodology has been successfully applied in the preparation of preliminary 

CMQ estimates for structures in greenfield cement plant projects, it would be interesting to explore the 

results when used to estimate the CMQs at the project level (i.e., the entire cement plant project). It 

would also be interesting to explore other potential categorical variables such as design codes, 

concrete strengths, reinforcement type (420 or 500 Mpa) and structural steel grades (235, 275 or 355 

Mpa), building techniques, and other that could create significant changes in the CMQs required. In 

addition, it would be interesting to expand its applications to different project types (e.g., retrofit 

projects, expansion projects) and construction projects in other industries (e.g., commercial, 

residential, civil work) and investigate its performance. 

Finally, it would also be of interest to explore whether the framework of the proposed methodology 

could be applied to make estimates (or forecasts) in other fields, such as law (e.g., it could be used to 

predict the outcome in litigation cases), medicine (it could be used to make diagnosis of diseases or 

provide proper treatment for certain cases / diseases), software development (e.g., it could be used to 

estimate the amount of effort (e.g., man-hours) required to develop or maintain software), economics 

(e.g., it could be used for predictions in the stock market), architecture (e.g., it could be used to 

optimize distribution of spaces or configuration of buildings for a given occupancy), and engineering 

(e.g., structural design, environmental, infrastructure management, traffic demand/safety). 

Future research on methodologies focused on the estimation of resources (e.g., materials, labor) as 

basis for cost estimates should head toward: 
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Data requirements and simplification of model development: resource-based estimates (e.g., CMQ 

estimates) are very demanding and time consuming. First, sufficient and reliable data is necessary 

especially when models are to be developed at the resource level. Second, a model has to be developed 

and tested for every structure and its different CMQs. To address these issues, ways to improve the 

data collection and storage during the early stages of a project should be investigated. In addition, the 

model development process from the proposed methodology should be used as the basis for the 

creation of a streamlined process that would address the data limitations and the time to develop and 

evaluate models. 

Simplified design models to generate data: In cases where data is not available, the use of simplified 

design models to generate data, as the ones developed by Dr. Fernando (García de Soto et al., 2013), 

should be further investigated. 

Information technology: the data issues mentioned in the previous point could be addressed by proper 

information technology techniques, and in particular with the implementation of digital modeling, 

such as building information modeling (BIM) or virtual design and construction (VDC). Information 

technology and digital modeling can be used to manage data in a more efficient way and assist during 

the preparation of estimates at an early project phase (Bernstein et al., 2010) and they could be used as 

an additional layer to the hybrid component of this kind of methodologies. 

Project decision support, tracking and control: methodologies to make resource-based estimates 

would allow for a better project tracking and control. For example, the results from the proposed 

methodology can be used to decide which materials to be used when planning the different structures 

for a given project in a given time and location. In addition, these segregated estimates (i.e., resources 

and costs) can be coupled with digital modeling to allow for real time tracking and better control of a 

given project during the different phases of its lifecycle. 

Intervention strategies: these estimates can also be useful when assessing the level of service (LOS) of 

a given infrastructure and could be used when considering different intervention strategies. For 

example, the amount of human effort (or time) required by different intervention activities can be 

defined as a function of the CMQs required, the production rate, the location (Equation (56)). 

Therefore, the proposed methodology can be used to estimate the CMQs required for the different 

intervention activities (i.e., known production rates) in a given project (i.e., known location) when 

determining the amount of human effort (i.e., LOS). 

 LOS = human effort ≈ time ≈ f (CMQ, production rate, location, …) (56) 
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Appendix A. Back-propagation learning algorithm and the delta rule 

The back-propagation algorithm is the most common method for training a multi-layer feed-forward 

network using differentiable activation functions (Bishop, 1994-1995; Boussabaine, 1996). It is a 

generalization of the delta rule, a gradient descent method used to minimize the sum-of-squares error 

function by changing the value of the weights during the training process (Bishop, 1994-1995; Hegazy 

et al., 1994; Boussabaine, 1996). The derivation of the delta rule has been shown by many researchers 

(Rumelhart et al., 1985; Moselhi et al., 1991; Ryszard, 1993; Bishop, 1994; Hegazy et al., 1994; Rojas 

1996) by showing that the derivative of the error function with respect to each weight is proportional 

to the weight change. This corresponds to performing steepest descent on a surface in weight space 

whose height at any point in weight space is equal to the error measure (Rumelhart et al., 1985). 

The delta rule can be summarized in two phases (Rumelhart et al., 1985). During the first phase, the 

output of the neuron network model is calculated using the input that is propagated forward through 

the network. This output is compared with the actual, resulting in an error signal (δ). The second phase 

involves a backward pass through the network, in which δ is passed to each processing neuron. When 

δ for each processing neuron is computed, the weights of each neuron input node can then be adjusted. 

The general form for the adjustments of the weights is shown in Equation (57). 

 '   W W IN  (57) 

Where, 

W’ : adjusted weight 

W : original (previous) weight 

δ : propagated error signal 

IN : input value 

 

The propagated error signal (δ) would vary depending on the type of neuron analyzed. For example, if 

the processing neuron corresponds to an output neuron, then δ is calculated using Equation (58). On 

the other hand, if the processing neuron corresponds to a hidden neuron, then δ is calculated using 

Equation (59). 

   '  Target-Output  (58) 

   '    j j
W  (59) 

Where, 

δ : error signal for output neuron 

δj : error signal for hidden neuron j 

Wj : original (previous) weight of neuron j 

ϕ’ : derivative of the activation function 

 

The advantage of using sigmoid functions (i.e., logistic and hyperbolic-tangent) as the activation 

function is not only that they are non-linear and differentiable but also that their derivative can be 

expressed in terms of the function itself (Bishop, 1994). Therefore, using the hyperbolic tangent 

function (tanh) (Equation (14), duplicated below for convenience), its derivative can be expressed as 

Equation (60). 
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A disadvantage of using back-propagation is that the algorithm might end up in a local minimum 

instead of a global minimum. To counteract this, a learning rate (η) can be used. The learning rate 

affects the weight adjustments, hence the learning speed of the NN. A high learning rate would reduce 

the training time but can result in instability of the algorithm, depending on the curvature of the error 

function (Bishop, 1994), and poor performance because the adjustments are too large. If the learning 

rate is too low, the learning process could be very long. Another way to evade local minima is to 

randomize the set of weights used at the beginning of the algorithm. This allows for different descents 

on the error surface. Running the algorithm several times with newly randomized weights will produce 

NNs that would get stuck in a local minimum and others that would have reached a global minimum 

(Bishop, 1994-1995; Hegazy et al., 1994). 

Using the learning rate, the adjustment of the weights between the input and hidden layer (WA) and 

between the hidden layer and the output (WB) are done as indicated in Equation (61) and Equation (62) 

respectively. A similar approach is done for the weights corresponding to the bias neurons. 

  ' ( ) '
ij ij j j i

W W H I     (61) 

Where, 

W’ij : new weight of neuron j corresponding to input i 

Wij : original (previous) weight of neuron j corresponding to input i 

η : learning rate (0< η <1) 

δj : propagated error signal for neuron j (for j=1 to the number of neurons m in the hidden layer) 

ϕ’ : derivative of the activation function 

Hj : output of neuron j from input to hidden layer (for j=1 to the number of neurons m in the 

hidden layer) 

Ii : input value i 

 

  ' ( ) '
j j j

W W O H     (62) 

Where, 

W’j : new weight of neuron j  

Wj : original (previous) weight of neuron j 

δ : error signal for output neuron 

O : scaled output of NN 

 

The delta rule is graphically shown in Figure 33. 
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Figure 33: Graphical representation of the weight adjustments process carried out during the delta rule (back-propagation learning 

algorithm) 
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Appendix B. Models developed using the FST and BET for tall-frame structure subtypes A-L 

The results shown in the following sections are derived from the generated data for these structure 

subtypes. As a continuation of section 4.3, the BET and FST are used to develop (B.1) and evaluate 

(B.2) model for the different tall-frame structure subtypes. As in the case of the storage structures, the 

different tall-frame structure types were combined by introducing categorical variables for the number 

of stages, strings, and construction material. This allowed us to concentrate on 3 conditions for the 

upper structure and 2 for the foundation (one for every CMQ) instead of 30 and 12 for the upper 

structure and the foundation respectively. 

B.1. Models 

This section of the appendix summarizes the coefficients and associated metrics from the models 

developed using the BET and FST and the statistics from the analysis of variance (ANOVA) for the 

different models to estimate the different CMQs for the Tall-frame Structure Subtypes. 

B.1.1. Tall-frame Structure Subtypes A-L, concrete, upper structure 

Table 71: Models using the BET for the amount of concrete required in the upper structure of tall-frame structure subtypes A-L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-L/US/BET-

CO-1 

(Constant) 1.27E+00 8.00E-02  1.58E+01 0.00E+00 

LN_Height 1.36E+00 1.60E-02 4.20E-01 8.59E+01 0.00E+00 

LN_Wind 3.23E-01 5.00E-03 1.86E-01 6.95E+01 0.00E+00 

LN_S1 -6.00E-03 6.00E-03 -3.00E-03 -9.50E-01 3.42E-01 

HB -1.83E-01 2.00E-03 -2.23E-01 -8.35E+01 0.00E+00 

Stage-4 -1.50E-01 5.00E-03 -1.74E-01 -3.28E+01 0.00E+00 

Stage-5 -7.40E-02 3.00E-03 -8.50E-02 -2.14E+01 0.00E+00 

String-1 -5.22E-01 3.00E-03 -6.36E-01 -2.02E+02 0.00E+00 

TFS_A-L/US/BET-

CO-2 

(Constant) 1.26E+00 8.00E-02  1.58E+01 0.00E+00 

LN_Height 1.36E+00 1.60E-02 4.20E-01 8.60E+01 0.00E+00 

LN_Wind 3.23E-01 5.00E-03 1.86E-01 6.95E+01 0.00E+00 

HB -1.83E-01 2.00E-03 -2.23E-01 -8.35E+01 0.00E+00 

Stage-4 -1.50E-01 5.00E-03 -1.74E-01 -3.27E+01 0.00E+00 

Stage-5 -7.40E-02 3.00E-03 -8.50E-02 -2.13E+01 0.00E+00 

String-1 -5.23E-01 3.00E-03 -6.36E-01 -2.02E+02 0.00E+00 
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Table 72: Statistical significance of concrete models using the BET for tall-frame structures 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/US/BET-CO-1 Regression 7.36E+02 7.00E+00 1.05E+02 1.93E+04 0.00E+00 

Residual 2.45E+01 4.50E+03 5.00E-03   

Total 7.61E+02 4.51E+03    

TFS_A-L/US/BET-CO-2 Regression 7.36E+02 6.00E+00 1.23E+02 2.26E+04 0.00E+00 

Residual 2.45E+01 4.50E+03 5.00E-03   

Total 7.61E+02 4.51E+03    

Table 73: Models using the FST for the amount of concrete required in the upper structure of tall-frame structure subtypes A-L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-L/US/FST-

CO-1 

(Constant) 8.90E+00 5.00E-03  1.65E+03 0.00E+00 

String-1 -6.42E-01 8.00E-03 -7.81E-01 -8.39E+01 0.00E+00 

TFS_A-L/US/FST-

CO-2 

(Constant) 3.29E-01 8.70E-02  3.76E+00 0.00E+00 

String-1 -4.85E-01 5.00E-03 -5.90E-01 -1.05E+02 0.00E+00 

LN_Height 1.78E+00 1.80E-02 5.49E-01 9.80E+01 0.00E+00 

TFS_A-L/US/FST-

CO-3 

(Constant) 4.00E-01 6.80E-02  5.92E+00 0.00E+00 

String-1 -4.86E-01 4.00E-03 -5.92E-01 -1.37E+02 0.00E+00 

LN_Height 1.78E+00 1.40E-02 5.51E-01 1.27E+02 0.00E+00 

HB -1.84E-01 3.00E-03 -2.24E-01 -5.53E+01 0.00E+00 

TFS_A-L/US/FST-

CO-4 

(Constant) -8.22E-01 5.30E-02  -1.54E+01 0.00E+00 

String-1 -4.86E-01 3.00E-03 -5.92E-01 -1.86E+02 0.00E+00 

LN_Height 1.78E+00 1.00E-02 5.49E-01 1.73E+02 0.00E+00 

HB -1.84E-01 2.00E-03 -2.23E-01 -7.50E+01 0.00E+00 

LN_Wind 3.22E-01 5.00E-03 1.85E-01 6.22E+01 0.00E+00 

TFS_A-L/US/FST-

CO-5 

(Constant) 2.07E-01 6.60E-02  3.13E+00 2.00E-03 

String-1 -5.04E-01 3.00E-03 -6.14E-01 -1.96E+02 0.00E+00 

LN_Height 1.57E+00 1.30E-02 4.85E-01 1.21E+02 0.00E+00 

HB -1.83E-01 2.00E-03 -2.23E-01 -7.95E+01 0.00E+00 

LN_Wind 3.21E-01 5.00E-03 1.85E-01 6.59E+01 0.00E+00 

Stage-4 -7.80E-02 3.00E-03 -9.00E-02 -2.40E+01 0.00E+00 

Table 74: Statistical significance of concrete models using the FST for tall-frame structures 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/US/FST-CO-1 Regression 4.64E+02 1.00E+00 4.64E+02 7.04E+03 0.00E+00 

Residual 2.97E+02 4.50E+03 6.60E-02   

Total 7.61E+02 4.51E+03    

TFS_A-L/US/FST-CO-2 Regression 6.66E+02 2.00E+00 3.33E+02 1.58E+04 0.00E+00 

Residual 9.48E+01 4.50E+03 2.10E-02   

Total 7.61E+02 4.51E+03    

TFS_A-L/US/FST-CO-3 Regression 7.04E+02 3.00E+00 2.35E+02 1.87E+04 0.00E+00 

Residual 5.65E+01 4.50E+03 1.30E-02   

Total 7.61E+02 4.51E+03    

TFS_A-L/US/FST-CO-4 Regression 7.30E+02 4.00E+00 1.83E+02 2.70E+04 0.00E+00 

Residual 3.04E+01 4.50E+03 7.00E-03   

Total 7.61E+02 4.51E+03    

TFS_A-L/US/FST-CO-5 Regression 7.34E+02 5.00E+00 1.47E+02 2.45E+04 0.00E+00 

Residual 2.69E+01 4.50E+03 6.00E-03   

Total 7.61E+02 4.51E+03    
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B.1.2. Tall-frame Structure Subtypes A-L, reinforcement, upper structure 

Table 75: Models using the BET for the amount of reinforcement required in the upper structure of tall-frame structure subtypes A-

L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-L/US/BET-

RE-1 

(Constant) -8.17E-01 8.10E-02  -1.01E+01 0.00E+00 

LN_Height 1.46E+00 1.60E-02 4.23E-01 9.10E+01 0.00E+00 

LN_Wind 3.03E-01 5.00E-03 1.64E-01 6.43E+01 0.00E+00 

LN_S1 -7.00E-03 6.00E-03 -3.00E-03 -1.04E+00 3.00E-01 

HB -3.53E-01 2.00E-03 -4.03E-01 -1.59E+02 0.00E+00 

Stage-4 -1.43E-01 5.00E-03 -1.56E-01 -3.09E+01 0.00E+00 

Stage-5 -8.10E-02 4.00E-03 -8.70E-02 -2.30E+01 0.00E+00 

String-1 -5.03E-01 3.00E-03 -5.76E-01 -1.92E+02 0.00E+00 

TFS_A-L/US/BET-

RE-2 

(Constant) -8.22E-01 8.10E-02  -1.02E+01 0.00E+00 

LN_Height 1.46E+00 1.60E-02 4.23E-01 9.11E+01 0.00E+00 

LN_Wind 3.02E-01 5.00E-03 1.64E-01 6.43E+01 0.00E+00 

HB -3.53E-01 2.00E-03 -4.03E-01 -1.59E+02 0.00E+00 

Stage-4 -1.43E-01 5.00E-03 -1.56E-01 -3.09E+01 0.00E+00 

Stage-5 -8.10E-02 4.00E-03 -8.70E-02 -2.30E+01 0.00E+00 

String-1 -5.03E-01 3.00E-03 -5.76E-01 -1.92E+02 0.00E+00 

Table 76: Statistical significance of reinforcement models using the BET for tall-frame structures 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/US/BET-RE-1 Regression 8.35E+02 7.00E+00 1.19E+02 2.15E+04 0.00E+00 

Residual 2.50E+01 4.50E+03 6.00E-03   

Total 8.60E+02 4.51E+03    

TFS_A-L/US/BET-RE-2 Regression 8.35E+02 6.00E+00 1.39E+02 2.50E+04 0.00E+00 

Residual 2.50E+01 4.50E+03 6.00E-03   

Total 8.60E+02 4.51E+03    
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Table 77: Models using the FST for the amount of reinforcement required in the upper structure of tall-frame structure subtypes A-

L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-L/US/FST-

RE-1 

(Constant) -5.09E+00 1.69E-01  -3.01E+01 0.00E+00 

LN_Height 2.49E+00 3.50E-02 7.24E-01 7.04E+01 0.00E+00 

TFS_A-L/US/FST-

RE-2 

(Constant) -1.82E+00 1.25E-01  -1.45E+01 0.00E+00 

LN_Height 1.85E+00 2.60E-02 5.39E-01 7.14E+01 0.00E+00 

String-1 -4.66E-01 7.00E-03 -5.34E-01 -7.08E+01 0.00E+00 

TFS_A-L/US/FST-

RE-3 

(Constant) -1.68E+00 6.60E-02  -2.56E+01 0.00E+00 

LN_Height 1.86E+00 1.40E-02 5.41E-01 1.37E+02 0.00E+00 

String-1 -4.68E-01 3.00E-03 -5.36E-01 -1.36E+02 0.00E+00 

HB -3.54E-01 3.00E-03 -4.05E-01 -1.09E+02 0.00E+00 

TFS_A-L/US/FST-

RE-4 

(Constant) -2.82E+00 5.30E-02  -5.30E+01 0.00E+00 

LN_Height 1.86E+00 1.00E-02 5.40E-01 1.81E+02 0.00E+00 

String-1 -4.68E-01 3.00E-03 -5.36E-01 -1.80E+02 0.00E+00 

HB -3.53E-01 2.00E-03 -4.04E-01 -1.44E+02 0.00E+00 

LN_Wind 3.01E-01 5.00E-03 1.63E-01 5.83E+01 0.00E+00 

TFS_A-L/US/FST-

RE-5 

(Constant) -1.97E+00 6.70E-02  -2.94E+01 0.00E+00 

LN_Height 1.69E+00 1.30E-02 4.90E-01 1.28E+02 0.00E+00 

String-1 -4.83E-01 3.00E-03 -5.53E-01 -1.85E+02 0.00E+00 

HB -3.53E-01 2.00E-03 -4.03E-01 -1.50E+02 0.00E+00 

LN_Wind 3.01E-01 5.00E-03 1.63E-01 6.05E+01 0.00E+00 

Stage-4 -6.40E-02 3.00E-03 -7.00E-02 -1.94E+01 0.00E+00 

Table 78: Statistical significance of reinforcement models using the FST for tall-frame structures 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/US/FST-RE-1 Regression 4.51E+02 1.00E+00 4.51E+02 4.96E+03 0.00E+00 

Residual 4.10E+02 4.50E+03 9.10E-02   

Total 8.60E+02 4.51E+03    

TFS_A-L/US/FST-RE-2 Regression 6.66E+02 2.00E+00 3.33E+02 7.73E+03 0.00E+00 

Residual 1.94E+02 4.50E+03 4.30E-02   

Total 8.60E+02 4.51E+03    

TFS_A-L/US/FST-RE-3 Regression 8.07E+02 3.00E+00 2.69E+02 2.28E+04 0.00E+00 

Residual 5.32E+01 4.50E+03 1.20E-02   

Total 8.60E+02 4.51E+03    

TFS_A-L/US/FST-RE-4 Regression 8.30E+02 4.00E+00 2.07E+02 3.08E+04 0.00E+00 

Residual 3.03E+01 4.50E+03 7.00E-03   

Total 8.60E+02 4.51E+03    

TFS_A-L/US/FST-RE-5 Regression 8.32E+02 5.00E+00 1.66E+02 2.68E+04 0.00E+00 

Residual 2.80E+01 4.50E+03 6.00E-03   

Total 8.60E+02 4.51E+03    
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B.1.3. Tall-frame Structure Subtypes A-L, structural steel, upper structure 

Table 79: Models using the BET for the amount of structural steel required in the upper structure of tall-frame structure subtypes 

A-L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-L/US/BET-

ST-1 

(Constant) 6.88E+00 4.50E-02  1.53E+02 0.00E+00 

LN_Height -9.20E-02 9.00E-03 -5.10E-02 -1.04E+01 0.00E+00 

LN_Wind 2.30E-02 3.00E-03 2.40E-02 9.01E+00 0.00E+00 

LN_S1 2.00E-03 4.00E-03 1.00E-03 5.37E-01 5.92E-01 

Stage-4 -1.60E-01 3.00E-03 -3.27E-01 -6.25E+01 0.00E+00 

Stage-5 1.80E-02 2.00E-03 3.70E-02 9.34E+00 0.00E+00 

String-1 -4.41E-01 1.00E-03 -9.48E-01 -3.05E+02 0.00E+00 

TFS_A-L/US/BET-

ST-2 

(Constant) 6.88E+00 4.50E-02  1.54E+02 0.00E+00 

LN_Height -9.30E-02 9.00E-03 -5.10E-02 -1.04E+01 0.00E+00 

LN_Wind 2.30E-02 3.00E-03 2.40E-02 9.02E+00 0.00E+00 

Stage-4 -1.60E-01 3.00E-03 -3.27E-01 -6.26E+01 0.00E+00 

Stage-5 1.80E-02 2.00E-03 3.70E-02 9.32E+00 0.00E+00 

String-1 -4.41E-01 1.00E-03 -9.48E-01 -3.05E+02 0.00E+00 

Table 80: Statistical significance of structural steel models using the BET for tall-frame structures 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/US/BET-ST-1 Regression 1.19E+02 6.00E+00 1.98E+01 2.41E+04 0.00E+00 

Residual 1.82E+00 2.22E+03 1.00E-03   

Total 1.20E+02 2.22E+03    

TFS_A-L/US/BET-ST-2 Regression 1.19E+02 5.00E+00 2.37E+01 2.89E+04 0.00E+00 

Residual 1.82E+00 2.22E+03 1.00E-03   

Total 1.20E+02 2.22E+03    

Table 81: Models using the FST for the amount of structural steel required in the upper structure of tall-frame structure subtypes A-

L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-L/US/FST-

ST-1 

(Constant) 6.48E+00 2.00E-03  2.72E+03 0.00E+00 

String-1 -4.37E-01 3.00E-03 -9.39E-01 -1.29E+02 0.00E+00 

TFS_A-L/US/FST-

ST-2 

(Constant) 6.53E+00 1.00E-03  6.06E+03 0.00E+00 

String-1 -4.33E-01 1.00E-03 -9.31E-01 -3.15E+02 0.00E+00 

Stage-4 -1.54E-01 1.00E-03 -3.15E-01 -1.07E+02 0.00E+00 

TFS_A-L/US/FST-

ST-3 

(Constant) 7.24E+00 3.50E-02  2.09E+02 0.00E+00 

String-1 -4.46E-01 1.00E-03 -9.58E-01 -3.17E+02 0.00E+00 

Stage-4 -1.78E-01 2.00E-03 -3.64E-01 -1.00E+02 0.00E+00 

LN_Height -1.45E-01 7.00E-03 -7.90E-02 -2.04E+01 0.00E+00 

TFS_A-L/US/FST-

ST-4 

(Constant) 6.97E+00 4.50E-02  1.56E+02 0.00E+00 

String-1 -4.41E-01 1.00E-03 -9.48E-01 -3.00E+02 0.00E+00 

Stage-4 -1.60E-01 3.00E-03 -3.27E-01 -6.13E+01 0.00E+00 

LN_Height -9.10E-02 9.00E-03 -5.00E-02 -1.01E+01 0.00E+00 

Stage-5 1.90E-02 2.00E-03 3.70E-02 9.38E+00 0.00E+00 
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Table 82 Statistical significance of structural steel models using the FST for tall-frame structures 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/US/FST-ST-1 Regression 1.06E+02 1.00E+00 1.06E+02 1.66E+04 0.00E+00 

Residual 1.42E+01 2.22E+03 6.00E-03   

Total 1.20E+02 2.22E+03    

TFS_A-L/US/FST-ST-2 Regression 1.18E+02 2.00E+00 5.90E+01 5.63E+04 0.00E+00 

Residual 2.33E+00 2.22E+03 1.00E-03   

Total 1.20E+02 2.22E+03    

TFS_A-L/US/FST-ST-3 Regression 1.18E+02 3.00E+00 3.95E+01 4.47E+04 0.00E+00 

Residual 1.96E+00 2.22E+03 1.00E-03   

Total 1.20E+02 2.22E+03    

TFS_A-L/US/FST-ST-4 Regression 1.19E+02 4.00E+00 2.96E+01 3.49E+04 0.00E+00 

Residual 1.89E+00 2.22E+03 1.00E-03   

Total 1.20E+02 2.22E+03    

 

B.1.4. Tall-frame Structure Subtypes A-L, concrete, foundation 

Table 83: Models using the BET for the amount of concrete required in the foundation of tall-frame structure subtypes A-L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-

L/FND/BET-CO-1 

(Constant) 1.03E+01 5.43E-01  1.90E+01 0.00E+00 

Ln_Wind 2.00E-02 3.30E-02 1.30E-02 6.03E-01 5.46E-01 

Ln_Tot_Ht -1.07E-01 1.06E-01 -3.60E-02 -1.02E+00 3.10E-01 

Ln_S1 1.06E-01 4.30E-02 5.20E-02 2.43E+00 1.50E-02 

Ln_Soil_BC -3.94E-01 1.60E-02 -5.49E-01 -2.51E+01 0.00E+00 

Stages_4 -3.25E-01 2.90E-02 -4.47E-01 -1.11E+01 0.00E+00 

Stages_5 -1.33E-01 2.20E-02 -1.85E-01 -6.05E+00 0.00E+00 

Strings_1 -4.81E-01 1.70E-02 -6.94E-01 -2.86E+01 0.00E+00 

TFS_A-

L/FND/BET-CO-2 

(Constant) 1.04E+01 5.19E-01  2.01E+01 0.00E+00 

Ln_Tot_Ht -1.10E-01 1.06E-01 -3.70E-02 -1.04E+00 2.99E-01 

Ln_S1 1.06E-01 4.30E-02 5.20E-02 2.44E+00 1.50E-02 

Ln_Soil_BC -3.96E-01 1.50E-02 -5.51E-01 -2.56E+01 0.00E+00 

Stages_4 -3.26E-01 2.90E-02 -4.48E-01 -1.11E+01 0.00E+00 

Stages_5 -1.34E-01 2.20E-02 -1.86E-01 -6.10E+00 0.00E+00 

Strings_1 -4.81E-01 1.70E-02 -6.94E-01 -2.86E+01 0.00E+00 

TFS_A-

L/FND/BET-CO-3 

(Constant) 9.88E+00 6.60E-02  1.49E+02 0.00E+00 

Ln_S1 1.04E-01 4.30E-02 5.10E-02 2.40E+00 1.70E-02 

Ln_Soil_BC -3.97E-01 1.50E-02 -5.53E-01 -2.58E+01 0.00E+00 

Stages_4 -3.03E-01 1.90E-02 -4.16E-01 -1.63E+01 0.00E+00 

Stages_5 -1.21E-01 1.80E-02 -1.68E-01 -6.62E+00 0.00E+00 

Strings_1 -4.73E-01 1.50E-02 -6.82E-01 -3.19E+01 0.00E+00 
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Table 84: Statistical significance of concrete models using the BST for tall-frame structures (foundation) 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/FND/BET-CO-1 Regression 4.82E+01 7.00E+00 6.89E+00 2.43E+02 0.00E+00 

Residual 1.47E+01 5.18E+02 2.80E-02   

Total 6.29E+01 5.25E+02    

TFS_A-L/FND/BET-CO-2 Regression 4.82E+01 6.00E+00 8.04E+00 2.84E+02 0.00E+00 

Residual 1.47E+01 5.19E+02 2.80E-02   

Total 6.29E+01 5.25E+02    

TFS_A-L/FND/BET-CO-3 Regression 4.82E+01 5.00E+00 9.64E+00 3.40E+02 0.00E+00 

Residual 1.47E+01 5.20E+02 2.80E-02   

Total 6.29E+01 5.25E+02    

Table 85: Models using the FST for the amount of concrete required in the foundation of tall-frame structure subtypes A-L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-

L/FND/FST-CO-1 

(Constant) 8.22E+00 1.70E-02  4.71E+02 0.00E+00 

Strings_1 -4.25E-01 2.40E-02 -6.13E-01 -1.77E+01 0.00E+00 

TFS_A-

L/FND/FST-CO-2 

(Constant) 9.66E+00 7.50E-02  1.30E+02 0.00E+00 

Strings_1 -4.54E-01 1.80E-02 -6.55E-01 -2.49E+01 0.00E+00 

Ln_Soil_BC -3.71E-01 1.90E-02 -5.16E-01 -1.96E+01 0.00E+00 

TFS_A-

L/FND/FST-CO-3 

(Constant) 9.82E+00 6.40E-02  1.54E+02 0.00E+00 

Strings_1 -4.63E-01 1.50E-02 -6.68E-01 -3.00E+01 0.00E+00 

Ln_Soil_BC -3.90E-01 1.60E-02 -5.43E-01 -2.43E+01 0.00E+00 

Stages_4 -2.35E-01 1.60E-02 -3.23E-01 -1.45E+01 0.00E+00 

TFS_A-

L/FND/FST-CO-4 

(Constant) 9.92E+00 6.30E-02  1.56E+02 0.00E+00 

Strings_1 -4.73E-01 1.50E-02 -6.82E-01 -3.17E+01 0.00E+00 

Ln_Soil_BC -3.98E-01 1.50E-02 -5.54E-01 -2.57E+01 0.00E+00 

Stages_4 -3.02E-01 1.90E-02 -4.15E-01 -1.62E+01 0.00E+00 

Stages_5 -1.21E-01 1.80E-02 -1.67E-01 -6.56E+00 0.00E+00 

Table 86: Statistical significance of concrete models using the FST for tall-frame structures (foundation) 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/FND/FST-CO-1 Regression 2.36E+01 1.00E+00 2.36E+01 3.15E+02 0.00E+00 

Residual 3.93E+01 5.24E+02 7.50E-02   

Total 6.29E+01 5.25E+02    

TFS_A-L/FND/FST-CO-2 Regression 4.03E+01 2.00E+00 2.01E+01 4.66E+02 0.00E+00 

Residual 2.26E+01 5.23E+02 4.30E-02   

Total 6.29E+01 5.25E+02    

TFS_A-L/FND/FST-CO-3 Regression 4.68E+01 3.00E+00 1.56E+01 5.05E+02 0.00E+00 

Residual 1.61E+01 5.22E+02 3.10E-02   

Total 6.29E+01 5.25E+02    

TFS_A-L/FND/FST-CO-4 Regression 4.80E+01 4.00E+00 1.20E+01 4.20E+02 0.00E+00 

Residual 1.49E+01 5.21E+02 2.90E-02   

Total 6.29E+01 5.25E+02    

 

  



Appendix B. Models developed using the FST and BET for tall-frame structure subtypes A-L 

144 of 215 

B.1.5. Tall-frame Structure Subtypes A-L, reinforcement, foundation 

Table 87: Models using the BET for the amount of reinforcement required in the foundation of tall-frame structure subtypes A-L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-

L/FND/BET-RE-1 

(Constant) 7.10E+00 5.67E-01  1.25E+01 0.00E+00 

Ln_Wind 2.70E-02 3.40E-02 1.80E-02 7.92E-01 4.29E-01 

Ln_Tot_Ht -6.50E-02 1.11E-01 -2.20E-02 -5.91E-01 5.54E-01 

Ln_S1 1.13E-01 4.50E-02 5.50E-02 2.48E+00 1.30E-02 

Ln_Soil_BC -3.96E-01 1.60E-02 -5.46E-01 -2.42E+01 0.00E+00 

Stages_4 -3.13E-01 3.10E-02 -4.25E-01 -1.02E+01 0.00E+00 

Stages_5 -1.28E-01 2.30E-02 -1.76E-01 -5.57E+00 0.00E+00 

Strings_1 -4.77E-01 1.80E-02 -6.81E-01 -2.71E+01 0.00E+00 

TFS_A-

L/FND/BET-RE-2 

(Constant) 6.78E+00 1.59E-01  4.26E+01 0.00E+00 

Ln_Wind 2.80E-02 3.40E-02 1.80E-02 8.16E-01 4.15E-01 

Ln_S1 1.12E-01 4.50E-02 5.40E-02 2.47E+00 1.40E-02 

Ln_Soil_BC -3.97E-01 1.60E-02 -5.47E-01 -2.43E+01 0.00E+00 

Stages_4 -2.99E-01 1.90E-02 -4.06E-01 -1.54E+01 0.00E+00 

Stages_5 -1.21E-01 1.90E-02 -1.65E-01 -6.29E+00 0.00E+00 

Strings_1 -4.72E-01 1.60E-02 -6.74E-01 -3.04E+01 0.00E+00 

TFS_A-

L/FND/BET-RE-3 

(Constant) 6.90E+00 6.90E-02  9.98E+01 0.00E+00 

Ln_S1 1.12E-01 4.50E-02 5.40E-02 2.47E+00 1.40E-02 

Ln_Soil_BC -3.99E-01 1.60E-02 -5.50E-01 -2.48E+01 0.00E+00 

Stages_4 -3.00E-01 1.90E-02 -4.07E-01 -1.55E+01 0.00E+00 

Stages_5 -1.21E-01 1.90E-02 -1.66E-01 -6.33E+00 0.00E+00 

Strings_1 -4.72E-01 1.60E-02 -6.74E-01 -3.04E+01 0.00E+00 

Table 88: Statistical significance of reinforcement models using the BET for tall-frame structures (foundation) 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/FND/BET-RE-1 Regression 4.82E+01 7.00E+00 6.89E+00 2.22E+02 0.00E+00 

Residual 1.61E+01 5.18E+02 3.10E-02   

Total 6.43E+01 5.25E+02    

TFS_A-L/FND/BET-RE-2 Regression 4.82E+01 6.00E+00 8.03E+00 2.59E+02 0.00E+00 

Residual 1.61E+01 5.19E+02 3.10E-02   

Total 6.43E+01 5.25E+02    

TFS_A-L/FND/BET-RE-3 Regression 4.82E+01 5.00E+00 9.63E+00 3.11E+02 0.00E+00 

Residual 1.61E+01 5.20E+02 3.10E-02   

Total 6.43E+01 5.25E+02    
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Table 89: Models using the FST for the amount of reinforcement required in the foundation of tall-frame structure subtypes A-L 

Model Unstandardized 

Coefficients 

Standardized 

Coefficients 

t Sig. 

β Std. Error Beta 

TFS_A-

L/FND/FST-RE-1 

(Constant) 5.24E+00 1.80E-02  2.95E+02 0.00E+00 

Strings_1 -4.24E-01 2.40E-02 -6.05E-01 -1.74E+01 0.00E+00 

TFS_A-

L/FND/FST-RE-2 

(Constant) 6.69E+00 7.70E-02  8.74E+01 0.00E+00 

Strings_1 -4.53E-01 1.90E-02 -6.47E-01 -2.42E+01 0.00E+00 

Ln_Soil_BC -3.74E-01 1.90E-02 -5.15E-01 -1.93E+01 0.00E+00 

TFS_A-

L/FND/FST-RE-3 

(Constant) 6.85E+00 6.70E-02  1.03E+02 0.00E+00 

Strings_1 -4.62E-01 1.60E-02 -6.60E-01 -2.88E+01 0.00E+00 

Ln_Soil_BC -3.92E-01 1.70E-02 -5.40E-01 -2.35E+01 0.00E+00 

Stages_4 -2.32E-01 1.70E-02 -3.15E-01 -1.38E+01 0.00E+00 

TFS_A-

L/FND/FST-RE-4 

(Constant) 6.95E+00 6.60E-02  1.05E+02 0.00E+00 

Strings_1 -4.72E-01 1.60E-02 -6.73E-01 -3.03E+01 0.00E+00 

Ln_Soil_BC -4.00E-01 1.60E-02 -5.51E-01 -2.48E+01 0.00E+00 

Stages_4 -2.99E-01 1.90E-02 -4.06E-01 -1.54E+01 0.00E+00 

Stages_5 -1.21E-01 1.90E-02 -1.65E-01 -6.26E+00 0.00E+00 

Table 90: Statistical significance of reinforcement models using the FST for tall-frame structures (foundation) 

Model Sum of Squares df Mean Square F Sig. 

TFS_A-L/FND/FST-RE-1 Regression 2.35E+01 1.00E+00 2.35E+01 3.02E+02 0.00E+00 

Residual 4.08E+01 5.24E+02 7.80E-02   

Total 6.43E+01 5.25E+02    

TFS_A-L/FND/FST-RE-2 Regression 4.04E+01 2.00E+00 2.02E+01 4.43E+02 0.00E+00 

Residual 2.38E+01 5.23E+02 4.60E-02   

Total 6.43E+01 5.25E+02    

TFS_A-L/FND/FST-RE-3 Regression 4.68E+01 3.00E+00 1.56E+01 4.65E+02 0.00E+00 

Residual 1.75E+01 5.22E+02 3.40E-02   

Total 6.43E+01 5.25E+02    

TFS_A-L/FND/FST-RE-4 Regression 4.80E+01 4.00E+00 1.20E+01 3.84E+02 0.00E+00 

Residual 1.63E+01 5.21E+02 3.10E-02   

Total 6.43E+01 5.25E+02    
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B.2. Performance metrics 

This section summarizes the performance metrics for the different models to estimate the different 

CMQs for the Tall-frame Structure Subtypes. To further assist with the selection of the best model and 

to evaluate these metrics, the different models were tested using the validation data, consisting of 

1,473 and 132 data points for the concrete, reinforcement and structural steel in the upper structure and 

the concrete and reinforcement in the foundation, respectively, not utilized in the development of the 

different models. The performance of the different models on the validation data was checked by 

determining the variation for that data (by calculating the MAPE). The results are summarized in the 

following tables. 

B.2.1. Tall-frame Structure Subtypes A-L, concrete, upper structure 

Table 91: Performance metrics for models developed using the BET and FST to estimate the amount of concrete required in the 

upper structure of tall-frame structure subtypes A-L 

Model MAPE R2 Adj R2 AICc 

TFS_A-L/US/BET-CO-1 5.87E-02 9.59E-01 9.58E-01 -9.69E+03 

TFS_A-L/US/BET-CO-2 5.87E-02 9.59E-01 9.58E-01 -9.69E+03 

TFS_A-L/US/FST-CO-1 2.26E-01 5.24E-01 5.23E-01 -4.21E+03 

TFS_A-L/US/FST-CO-2 1.20E-01 8.93E-01 8.93E-01 -7.58E+03 

TFS_A-L/US/FST-CO-3 8.97E-02 9.19E-01 9.19E-01 -8.19E+03 

TFS_A-L/US/FST-CO-4 6.59E-02 9.53E-01 9.53E-01 -9.42E+03 

TFS_A-L/US/FST-CO-5 6.16E-02 9.53E-01 9.53E-01 -9.43E+03 

Table 92: MAPE for models using the BET and FST used in the validation dataset to estimate the amount of concrete required in the 

upper structure of tall-frame structure subtypes A-L 

Model MAPE 

TFS_A-L/US/BET-CO-1 5.90E-02 

TFS_A-L/US/BET-CO-2 5.89E-02 

TFS_A-L/US/FST-CO-1 2.32E-01 

TFS_A-L/US/FST-CO-2 1.24E-01 

TFS_A-L/US/FST-CO-3 9.24E-02 

TFS_A-L/US/FST-CO-4 6.53E-02 

TFS_A-L/US/FST-CO-5 6.23E-02 
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B.2.2. Tall-frame Structure Subtypes A-L, reinforcement, upper structure 

Table 93: Performance metrics for models developed using the BET and FST to estimate the amount of reinforcement required in 

the upper structure of tall-frame structure subtypes A-L 

Model MAPE R2 Adj R2 AICc 

TFS_A-L/US/BET-RE-1 5.97E-02 9.68E-01 9.67E-01 -1.79E+04 

TFS_A-L/US/BET-RE-2 5.97E-02 9.68E-01 9.67E-01 -1.79E+04 

TFS_A-L/US/FST-RE-1 2.64E-01 6.47E-01 6.46E-01 -1.25E+04 

TFS_A-L/US/FST-RE-2 1.88E-01 8.09E-01 8.09E-01 -1.39E+04 

TFS_A-L/US/FST-RE-3 8.64E-02 9.37E-01 9.37E-01 -1.64E+04 

TFS_A-L/US/FST-RE-4 6.61E-02 9.62E-01 9.62E-01 -1.75E+04 

TFS_A-L/US/FST-RE-5 6.31E-02 9.62E-01 9.62E-01 -1.75E+04 

Table 94: MAPE for models using the BET and FST used in the validation dataset to estimate the amount of reinforcement required 

in the upper structure of tall-frame structure subtypes A-L 

Model MAPE 

TFS_A-L/US/BET-RE-1 6.04E-02 

TFS_A-L/US/BET-RE-2 6.04E-02 

TFS_A-L/US/FST-RE-1 2.68E-01 

TFS_A-L/US/FST-RE-2 1.92E-01 

TFS_A-L/US/FST-RE-3 8.91E-02 

TFS_A-L/US/FST-RE-4 6.61E-02 

TFS_A-L/US/FST-RE-5 6.43E-02 

 

B.2.3. Tall-frame Structure Subtypes A-L, structural steel, upper structure 

Table 95: Performance metrics for models developed using the BET and FST to estimate the amount of structural steel required in 

the upper structure of tall-frame structure subtypes A-L 

Model MAPE R2 Adj R2 AICc 

TFS_A-L/US/BET-ST-1 2.49E-02 9.97E-01 9.97E-01 -1.09E+04 

TFS_A-L/US/BET-ST-2 2.49E-02 9.97E-01 9.97E-01 -1.09E+04 

TFS_A-L/US/FST-ST-1 7.13E-02 9.83E-01 9.83E-01 -8.98E+03 

TFS_A-L/US/FST-ST-2 2.75E-02 9.96E-01 9.96E-01 -1.07E+04 

TFS_A-L/US/FST-ST-3 2.52E-02 9.97E-01 9.97E-01 -1.08E+04 

TFS_A-L/US/FST-ST-4 2.51E-02 9.97E-01 9.97E-01 -1.09E+04 

Table 96: MAPE for models using the BET and FST used in the validation dataset to estimate the amount of structural steel 

required in the upper structure of tall-frame structure subtypes A-L 

Model MAPE 

TFS_A-L/US/BET-ST-1 2.57E-02 

TFS_A-L/US/BET-ST-2 2.55E-02 

TFS_A-L/US/FST-ST-1 7.03E-02 

TFS_A-L/US/FST-ST-2 2.81E-02 

TFS_A-L/US/FST-ST-3 2.60E-02 

TFS_A-L/US/FST-ST-4 2.56E-02 
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B.2.4. Tall-frame Structure Subtypes A-L, concrete, foundation 

Table 97: Performance metrics for models developed using the BET and FST to estimate the amount of concrete required in the 

foundation of tall-frame structure subtypes A-L 

Model MAPE R2 Adj R2 AICc 

TFS_A-L/FND/BET-CO-1 1.39E-01 7.38E-01 7.30E-01 5.15E+01 

TFS_A-L/FND/BET-CO-2 1.39E-01 7.37E-01 7.30E-01 4.93E+01 

TFS_A-L/FND/BET-CO-3 1.40E-01 7.37E-01 7.30E-01 4.76E+01 

TFS_A-L/FND/FST-CO-1 2.35E-01 3.22E-01 3.17E-01 2.86E+02 

TFS_A-L/FND/FST-CO-2 1.77E-01 6.64E-01 6.60E-01 1.04E+02 

TFS_A-L/FND/FST-CO-3 1.52E-01 6.94E-01 6.89E-01 8.22E+01 

TFS_A-L/FND/FST-CO-4 1.40E-01 7.34E-01 7.29E-01 4.78E+01 

Table 98: MAPE for models using the BET and FST used in the validation dataset to estimate the amount of concrete required in the 

foundation of tall-frame structure subtypes A-L 

Model MAPE 

TFS_A-L/FND/BET-CO-1 1.36E-01 

TFS_A-L/FND/BET-CO-2 1.35E-01 

TFS_A-L/FND/BET-CO-3 1.34E-01 

TFS_A-L/FND/FST-CO-1 2.25E-01 

TFS_A-L/FND/FST-CO-2 1.57E-01 

TFS_A-L/FND/FST-CO-3 1.43E-01 

TFS_A-L/FND/FST-CO-4 1.38E-01 

 

B.2.5. Tall-frame Structure Subtypes A-L, reinforcement, foundation 

Table 99: Performance metrics for models developed using the BET and FST to estimate the amount of reinforcement in the 

foundation of tall-frame structure subtypes A-L 

Model MAPE R2 Adj R2 AICc 

TFS_A-L/FND/BET-RE-1 1.46E-01 7.18E-01 7.10E-01 -1.49E+03 

TFS_A-L/FND/BET-RE-2 1.47E-01 7.18E-01 7.10E-01 -1.49E+03 

TFS_A-L/FND/BET-RE-3 1.46E-01 7.17E-01 7.11E-01 -1.50E+03 

TFS_A-L/FND/FST-RE-1 2.37E-01 3.13E-01 3.08E-01 -1.27E+03 

TFS_A-L/FND/FST-RE-2 1.81E-01 6.52E-01 6.48E-01 -1.45E+03 

TFS_A-L/FND/FST-RE-3 1.56E-01 6.75E-01 6.70E-01 -1.46E+03 

TFS_A-L/FND/FST-RE-4 1.47E-01 7.14E-01 7.08E-01 -1.49E+03 

Table 100: MAPE for models using the BET and FST used in the validation dataset to estimate the amount of reinforcement 

required in the foundation of tall-frame structure subtypes A-L 

Model MAPE 

TFS_A-L/FND/BET-RE-1 1.39E-01 

TFS_A-L/FND/BET-RE-2 1.38E-01 

TFS_A-L/FND/BET-RE-3 1.37E-01 

TFS_A-L/FND/FST-RE-1 2.24E-01 

TFS_A-L/FND/FST-RE-2 1.56E-01 

TFS_A-L/FND/FST-RE-3 1.41E-01 

TFS_A-L/FND/FST-RE-4 1.41E-01 

  



Appendix B. Models developed using the FST and BET for tall-frame structure subtypes A-L 

149 of 215 

B.3. Conclusion 

The number of IVs utilized in the models developed using the BET is consistently greater than in the 

FST (i.e., the minimum number of IVs included in models developed using the backward elimination 

models were consistently higher than in models using the FST) (Table 101). Although not all the 

regression coefficients were significantly different from zero at the 95 percent confidence interval (see 

the Sig. column in the corresponding tables in section B.1), all the models developed using the two 

techniques were statistically significant at the 95 percent confidence interval (α=0.05) as indicated by 

the significance of their F-test from the analysis of variance (ANOVA) (see the Sig. column in the 

corresponding tables in section B.1) 

Table 101: Minimum number of independent variables (IVs) utilized in the models developed using the BET and maximum number 

of IVs utilized in the models developed using the FST for tall-frame structure subtypes 

  Upper structure Foundation 

  Concrete Reinforcement Struct. Steel Concrete Reinforcement 

Structure subtype BET FST BET FST BET FST BET FST BET FST 

Tall-frame structure subtypes A-L 6 5 6 5 5 4 5 4 5 4 

 

Regarding the performance metrics, as with the storage structure subtypes (see section 4.4), the 

differences among models developed using the BET were not substantial but the AICc consistently 

corresponded to the regression model with the lowest MAPE during the validation process. 
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Appendix C. CBR retrieval process: study of similarity functions 

This appendix compiles the results from the analysis performed using the process shown in Figure 25 

for distance-weight combinations and different similarity thresholds for the structure subtypes and 

CMQ cases evaluated (Table 24, duplicated below for convenience) without and with the proposed 

adaptation process. 

Table 24 (duplicated): Cases for the evaluation of the distance and weight combination 

 Weights 

Distance (used to 

determine 

Similarity) 

Adjusted 

unstandardized 

coefficients (wt1) 71F

72 

Unstandardized 

coefficients (wt2) 

Standardized 

coefficients (wt3) 

feature counting 

(i.e., equal weights) 

(wt4) 

City-block (SF1) Case1 Case 2 Case 3 Case 4 

Euclidean (SF2) Case 5 Case 6 Case 7 Case 8 

 

C.1. Storage structure subtypes A-C: concrete, reinforcement (upper structure and 

foundation combined) without and with the proposed adaptation process 

The results shown in the following sections are derived from the target storage structure subtypes 

evaluated (Table 199 in Appendix E (E.1)). 

C.1.1. Storage structure subtypes A-C: concrete 

Table 102: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in storage structure subtype A using CBR without adaptation 

 Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  30% 30% 30% 28% 28% 24% 19% 17% 12% 8% 

Case 2  30% 30% 28% 27% 27% 25% 20% 20% 14% 7% 

Case 3  30% 30% 28% 28% 27% 25% 22% 18% 17% 10% 

Case 4  30% 30% 30% 27% 25% 22% 20% 15% 13% 11% 

Case 5  30% 30% 30% 30% 30% 30% 30% 30% 28% 25% 

Case 6  30% 30% 30% 30% 30% 30% 30% 30% 27% 26% 

Case 7  30% 30% 30% 30% 30% 30% 30% 28% 28% 23% 

Case 8  30% 30% 30% 30% 30% 30% 30% 30% 30% 30% 
 

Table 103: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in storage structure subtype A using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

Case 2* 5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

Case 3* 5% 5% 5% 5% 5% 5% 5% 5% 5% 6% 

Case 4* 5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

Case 5* 5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

Case 6* 5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

Case 7* 5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

Case 8* 5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

                                                      

72 Refer to Appendix D for more information about the adjusted unstandardized coefficients (w1). 
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Table 104: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in storage structure subtype B using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  30% 30% 29% 29% 29% 29% 24% 18% 12% 4% 

Case 2  30% 30% 29% 29% 28% 26% 21% 17% 13% 5% 

Case 3  30% 30% 29% 29% 29% 29% 23% 17% 13% 8% 

Case 4  30% 30% 30% 30% 30% 28% 27% 21% 10% 12% 

Case 5  30% 30% 30% 30% 30% 30% 30% 30% 29% 27% 

Case 6  30% 30% 30% 30% 30% 30% 30% 30% 29% 24% 

Case 7  30% 30% 30% 30% 30% 30% 30% 30% 29% 23% 

Case 8  30% 30% 30% 30% 30% 30% 30% 30% 30% 30% 

Table 105: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in storage structure subtype B using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  3% 3% 3% 3% 3% 3% 3% 2% 2% 3% 

Case 2* 3% 3% 3% 3% 3% 3% 3% 3% 2% 2% 

Case 3* 3% 3% 3% 3% 3% 3% 3% 2% 2% 3% 

Case 4* 3% 3% 3% 3% 3% 3% 2% 2% 2% 2% 

Case 5* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 6* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 7* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 8* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Table 106: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in storage structure subtype C using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  26% 26% 25% 24% 20% 18% 14% 11% 9% 5% 

Case 2  26% 26% 26% 25% 24% 20% 16% 12% 9% 8% 

Case 3  26% 25% 25% 23% 21% 18% 14% 12% 9% 5% 

Case 4  26% 26% 26% 26% 26% 24% 19% 13% 11% 11% 

Case 5  26% 26% 26% 26% 26% 26% 26% 26% 22% 16% 

Case 6  26% 26% 26% 26% 26% 26% 26% 26% 25% 22% 

Case 7  26% 26% 26% 26% 26% 26% 26% 25% 22% 15% 

Case 8  26% 26% 26% 26% 26% 26% 26% 26% 26% 26% 

Table 107: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in storage structure subtype C using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 2* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 3* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 4* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 5* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 6* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 7* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 8* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 
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C.1.2. Storage structure subtypes A-C: reinforcement 

Table 108: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in storage structure subtype A using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  29% 29% 29% 28% 28% 25% 21% 19% 9% 7% 

Case 2  29% 29% 29% 27% 27% 22% 21% 19% 14% 8% 

Case 3  29% 29% 28% 28% 27% 26% 23% 20% 15% 11% 

Case 4  29% 29% 29% 27% 27% 23% 19% 16% 9% 9% 

Case 5  29% 29% 29% 29% 29% 29% 29% 29% 29% 26% 

Case 6  29% 29% 29% 29% 29% 29% 29% 29% 28% 25% 

Case 7  29% 29% 29% 29% 29% 29% 29% 29% 28% 25% 

Case 8  29% 29% 29% 29% 29% 29% 29% 29% 29% 29% 

Table 109: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in storage structure subtype A using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  8% 8% 8% 8% 8% 8% 8% 8% 9% 8% 

Case 2* 8% 8% 8% 8% 8% 8% 8% 8% 7% 8% 

Case 3* 8% 8% 8% 8% 8% 8% 8% 8% 8% 7% 

Case 4* 8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 5* 8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 6* 8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 7* 8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 8* 8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Table 110: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement for storage structure subtype B using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  27% 27% 26% 26% 26% 26% 22% 14% 9% 14% 

Case 2  27% 27% 27% 26% 25% 23% 19% 16% 11% 13% 

Case 3  27% 27% 26% 26% 26% 26% 20% 13% 10% 7% 

Case 4  27% 27% 27% 27% 27% 25% 23% 18% 11% 13% 

Case 5  27% 27% 27% 27% 27% 27% 27% 27% 26% 25% 

Case 6  27% 27% 27% 27% 27% 27% 27% 27% 27% 23% 

Case 7  27% 27% 27% 27% 27% 27% 27% 27% 26% 24% 

Case 8  27% 27% 27% 27% 27% 27% 27% 27% 27% 27% 

Table 111: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement for storage structure subtype B using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  4% 4% 4% 4% 4% 4% 4% 3% 4% 4% 

Case 2* 4% 4% 4% 4% 4% 4% 4% 4% 4% 5% 

Case 3* 4% 4% 4% 4% 4% 4% 4% 3% 3% 3% 

Case 4* 4% 4% 4% 4% 4% 4% 3% 3% 4% 5% 

Case 5* 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 6* 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 7* 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 8* 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 
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Table 112: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement for storage structure subtype C using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  29% 29% 28% 28% 23% 21% 19% 17% 18% 10% 

Case 2  29% 28% 28% 28% 27% 25% 22% 21% 21% 14% 

Case 3  29% 29% 28% 26% 24% 22% 19% 19% 17% 12% 

Case 4  29% 29% 29% 29% 28% 27% 24% 17% 16% 16% 

Case 5  29% 29% 29% 29% 29% 29% 29% 29% 28% 22% 

Case 6  29% 29% 29% 29% 29% 29% 29% 29% 28% 26% 

Case 7  29% 29% 29% 29% 29% 29% 29% 28% 24% 21% 

Case 8  29% 29% 29% 29% 29% 29% 29% 29% 29% 29% 

Table 113: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement for storage structure subtype C using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  1% 1% 1% 1% 1% 1% 1% 1% 2% 1% 

Case 2* 1% 1% 1% 1% 1% 1% 1% 2% 2% 3% 

Case 3* 1% 1% 1% 1% 1% 1% 1% 1% 2% 2% 

Case 4* 1% 1% 1% 1% 1% 1% 1% 1% 2% 2% 

Case 5* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6* 1% 1% 1% 1% 1% 1% 1% 1% 1% 2% 

Case 7* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 
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C.2. Tall-frame structure subtypes A-L: concrete, reinforcement, structural steel (upper 

structure) and concrete, reinforcement (foundation) without and with the proposed adaptation 

process 

The results shown in the following sections are derived from the target tall-frame structure subtypes 

evaluated (Table 206 (upper structure) and Table 207 (foundation) in Appendix E (E.2.1)). 

C.2.1. Tall-frame structure subtypes A-L: concrete (upper structure) 

Table 114: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype G using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  13% 13% 13% 12% 12% 12% 10% 9% 8% 9% 

Case 2  13% 13% 13% 13% 12% 13% 13% 11% 9% 5% 

Case 3  13% 13% 13% 12% 12% 12% 12% 10% 9% 6% 

Case 4  13% 13% 13% 13% 13% 13% 12% 11% 8% 10% 

Case 5  13% 13% 13% 13% 13% 13% 13% 13% 12% 10% 

Case 6  13% 13% 13% 13% 13% 13% 13% 12% 12% 13% 

Case 7  13% 13% 13% 13% 13% 13% 13% 13% 12% 13% 

Case 8  13% 13% 13% 13% 13% 13% 13% 13% 13% 13% 

Table 115: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype G using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  6% 6% 6% 6% 6% 6% 7% 8% 8% 10% 

Case 2* 6% 6% 6% 6% 7% 6% 7% 7% 7% 7% 

Case 3* 6% 6% 6% 6% 6% 6% 7% 7% 7% 8% 

Case 4* 6% 6% 6% 6% 6% 6% 6% 6% 8% 19% 

Case 5* 6% 6% 6% 6% 6% 6% 6% 6% 7% 7% 

Case 6* 6% 6% 6% 6% 6% 7% 7% 6% 7% 7% 

Case 7* 6% 6% 6% 6% 6% 6% 7% 7% 6% 7% 

Case 8* 6% 6% 6% 6% 6% 6% 6% 6% 6% 6% 

Table 116: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype H using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  9% 9% 9% 9% 10% 10% 9% 7% 7% 4% 

Case 2  9% 9% 9% 9% 9% 9% 9% 8% 8% 6% 

Case 3  9% 9% 9% 9% 9% 9% 9% 8% 7% 6% 

Case 4  9% 9% 9% 9% 9% 9% 8% 9% 11% 6% 

Case 5  9% 9% 9% 9% 9% 9% 9% 9% 10% 8% 

Case 6  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 7  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 8  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 
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Table 117: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype H using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  2% 2% 2% 2% 2% 2% 2% 3% 3% 3% 

Case 2* 2% 2% 2% 2% 2% 2% 2% 2% 3% 3% 

Case 3* 2% 2% 2% 2% 2% 2% 2% 2% 4% 4% 

Case 4* 2% 2% 2% 2% 2% 2% 2% 2% 4% 3% 

Case 5* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 6* 2% 2% 2% 2% 2% 2% 2% 2% 2% 3% 

Case 7* 2% 2% 2% 2% 2% 2% 2% 2% 2% 3% 

Case 8* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Table 118: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype I using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  14% 14% 14% 14% 13% 13% 11% 8% 8% 9% 

Case 2  14% 14% 14% 14% 14% 14% 14% 13% 13% 9% 

Case 3  14% 14% 14% 13% 14% 14% 13% 13% 9% 9% 

Case 4  14% 14% 14% 14% 14% 14% 13% 12% 13% 13% 

Case 5  14% 14% 14% 14% 14% 14% 14% 14% 13% 11% 

Case 6  14% 14% 14% 14% 14% 14% 14% 14% 14% 14% 

Case 7  14% 14% 14% 14% 14% 14% 14% 14% 14% 14% 

Case 8  14% 14% 14% 14% 14% 14% 14% 14% 14% 14% 

Table 119: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype I using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  1% 1% 1% 1% 1% 1% 1% 3% 1% 7% 

Case 2* 0% 0% 0% 0% 1% 1% 2% 3% 3% 1% 

Case 3* 0% 0% 0% 0% 1% 1% 2% 3% 3% 4% 

Case 4* 1% 1% 1% 1% 1% 1% 1% 1% 2% 2% 

Case 5* 1% 1% 1% 1% 1% 1% 1% 1% 1% 2% 

Case 6* 1% 1% 1% 1% 1% 1% 1% 1% 2% 3% 

Case 7* 1% 1% 1% 1% 1% 1% 1% 1% 2% 3% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 120: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype J using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  8% 8% 8% 8% 7% 7% 5% 4% 3% 1% 

Case 2  8% 8% 8% 7% 7% 6% 5% 4% 3% 2% 

Case 3  8% 8% 8% 8% 7% 6% 5% 4% 3% 1% 

Case 4  8% 8% 8% 8% 8% 8% 7% 6% 4% 1% 

Case 5  8% 8% 8% 8% 8% 8% 8% 8% 8% 6% 

Case 6  8% 8% 8% 8% 8% 8% 7% 7% 6% 5% 

Case 7  8% 8% 8% 8% 8% 8% 8% 7% 7% 5% 

Case 8  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 
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Table 121: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype J using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  5% 5% 5% 5% 5% 5% 5% 5% 6% 7% 

Case 2* 4% 4% 4% 4% 4% 5% 5% 5% 5% 4% 

Case 3* 4% 4% 4% 4% 5% 5% 5% 5% 5% 7% 

Case 4* 5% 5% 5% 5% 5% 5% 5% 5% 5% 9% 

Case 5* 5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

Case 6* 4% 4% 4% 4% 4% 4% 4% 5% 5% 5% 

Case 7* 5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

Case 8* 5% 5% 5% 5% 5% 5% 5% 5% 5% 5% 

Table 122: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype K using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  11% 11% 11% 11% 11% 10% 10% 10% 8% 5% 

Case 2  11% 11% 11% 11% 11% 11% 12% 10% 9% 7% 

Case 3  11% 11% 11% 11% 11% 11% 11% 10% 9% 6% 

Case 4  11% 11% 11% 11% 11% 11% 11% 12% 10% 6% 

Case 5  11% 11% 11% 11% 11% 11% 11% 11% 11% 10% 

Case 6  11% 11% 11% 11% 11% 11% 11% 11% 11% 12% 

Case 7  11% 11% 11% 11% 11% 11% 11% 11% 11% 12% 

Case 8  11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Table 123: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype K using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  9% 9% 9% 9% 9% 9% 9% 9% 11% 10% 

Case 2* 9% 9% 9% 9% 9% 9% 9% 10% 9% 17% 

Case 3* 9% 9% 9% 9% 9% 9% 9% 10% 10% 15% 

Case 4* 9% 9% 9% 9% 9% 9% 9% 9% 11% 19% 

Case 5* 9% 9% 9% 9% 9% 9% 9% 9% 9% 8% 

Case 6* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 7* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 8* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Table 124: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype L using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  22% 21% 20% 19% 18% 16% 14% 13% 9% 7% 

Case 2  22% 21% 21% 20% 19% 18% 18% 17% 18% 12% 

Case 3  22% 21% 20% 20% 19% 18% 17% 16% 11% 11% 

Case 4  22% 22% 22% 22% 21% 21% 20% 17% 12% 4% 

Case 5  22% 22% 22% 22% 22% 22% 21% 19% 16% 14% 

Case 6  22% 22% 22% 22% 21% 21% 20% 20% 19% 19% 

Case 7  22% 22% 22% 22% 22% 21% 21% 20% 19% 18% 

Case 8  22% 22% 22% 22% 22% 22% 22% 22% 22% 21% 
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Table 125: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype L using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  15% 15% 15% 16% 16% 16% 16% 16% 19% 10% 

Case 2* 15% 15% 15% 16% 16% 16% 17% 17% 17% 13% 

Case 3* 15% 15% 15% 16% 16% 16% 16% 17% 18% 12% 

Case 4* 17% 17% 17% 17% 17% 17% 18% 18% 19% 18% 

Case 5* 17% 17% 17% 17% 17% 17% 17% 17% 17% 18% 

Case 6* 17% 17% 17% 17% 17% 17% 17% 17% 17% 18% 

Case 7* 17% 17% 17% 17% 17% 17% 17% 17% 18% 19% 

Case 8* 18% 18% 18% 18% 18% 18% 18% 18% 18% 18% 

Table 126: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype A using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  10% 10% 10% 10% 9% 9% 8% 7% 5% 5% 

Case 2  10% 10% 10% 10% 10% 9% 9% 10% 7% 5% 

Case 3  10% 10% 10% 10% 10% 9% 9% 8% 7% 5% 

Case 4  10% 10% 10% 10% 10% 9% 9% 6% 5% 8% 

Case 5  10% 10% 10% 10% 10% 10% 10% 10% 9% 8% 

Case 6  10% 10% 10% 10% 10% 10% 10% 10% 10% 10% 

Case 7  10% 10% 10% 10% 10% 10% 10% 10% 10% 9% 

Case 8  10% 10% 10% 10% 10% 10% 10% 10% 10% 10% 

Table 127: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype A using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  0% 0% 0% 0% 1% 1% 1% 1% 1% 1% 

Case 2* 0% 0% 0% 0% 0% 0% 1% 1% 0% 2% 

Case 3* 0% 0% 0% 0% 0% 0% 1% 1% 1% 4% 

Case 4* 1% 1% 1% 1% 1% 1% 0% 0% 0% 1% 

Case 5* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6* 1% 1% 1% 1% 1% 0% 0% 0% 0% 1% 

Case 7* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 128: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype B using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  9% 9% 9% 9% 8% 8% 8% 7% 5% 4% 

Case 2  9% 9% 9% 9% 9% 9% 9% 8% 7% 6% 

Case 3  9% 9% 9% 9% 9% 9% 9% 8% 6% 4% 

Case 4  9% 9% 9% 9% 9% 9% 9% 8% 8% 8% 

Case 5  9% 9% 9% 9% 9% 9% 9% 9% 8% 8% 

Case 6  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 7  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 8  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 
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Table 129: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype B using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  2% 2% 2% 2% 2% 2% 2% 2% 2% 0% 

Case 2* 3% 3% 3% 2% 2% 2% 2% 2% 2% 0% 

Case 3* 3% 3% 3% 2% 2% 2% 2% 2% 2% 0% 

Case 4* 2% 2% 2% 2% 2% 2% 2% 2% 1% 1% 

Case 5* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 6* 3% 3% 3% 3% 3% 2% 2% 2% 2% 1% 

Case 7* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Table 130: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype C using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  11% 11% 11% 11% 10% 10% 9% 7% 7% 8% 

Case 2  11% 11% 11% 11% 11% 11% 11% 10% 9% 10% 

Case 3  11% 11% 11% 11% 11% 11% 10% 9% 9% 9% 

Case 4  11% 11% 11% 11% 11% 11% 11% 12% 10% 2% 

Case 5  11% 11% 11% 11% 11% 11% 11% 11% 10% 9% 

Case 6  11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Case 7  11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Case 8  11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Table 131: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype C using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  9% 9% 9% 9% 9% 9% 9% 8% 9% 8% 

Case 2* 9% 9% 9% 9% 9% 9% 9% 9% 8% 10% 

Case 3* 9% 9% 9% 9% 9% 9% 9% 8% 9% 11% 

Case 4* 9% 9% 9% 9% 9% 9% 9% 9% 8% 14% 

Case 5* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 6* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 7* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 8* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Table 132: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype D using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  9% 9% 9% 8% 8% 7% 6% 4% 4% 1% 

Case 2  9% 9% 9% 8% 7% 6% 5% 5% 3% 1% 

Case 3  9% 9% 9% 8% 8% 6% 5% 4% 1% 1% 

Case 4  9% 9% 9% 9% 9% 9% 7% 7% 5% 10% 

Case 5  9% 9% 9% 9% 9% 9% 9% 8% 8% 5% 

Case 6  9% 9% 9% 9% 9% 8% 8% 7% 6% 6% 

Case 7  9% 9% 9% 9% 9% 9% 9% 8% 6% 5% 

Case 8  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 
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Table 133: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype D using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  1% 1% 0% 0% 0% 1% 1% 3% 6% 11% 

Case 2* 1% 1% 1% 1% 1% 2% 2% 3% 4% 6% 

Case 3* 1% 1% 1% 1% 1% 1% 3% 3% 6% 11% 

Case 4* 1% 1% 1% 1% 1% 0% 0% 1% 0% 8% 

Case 5* 1% 1% 1% 1% 1% 1% 1% 1% 0% 2% 

Case 6* 1% 1% 1% 1% 1% 1% 1% 1% 2% 2% 

Case 7* 1% 1% 1% 1% 1% 1% 1% 1% 1% 2% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 134: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype E using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  8% 8% 8% 8% 8% 8% 8% 7% 6% 6% 

Case 2  8% 8% 8% 8% 8% 8% 8% 8% 8% 7% 

Case 3  8% 8% 8% 8% 8% 9% 8% 8% 7% 7% 

Case 4  8% 8% 8% 8% 8% 8% 8% 8% 6% 3% 

Case 5  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 6  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 7  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 8  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Table 135: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype E using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  2% 2% 2% 2% 2% 2% 2% 2% 1% 1% 

Case 2* 2% 2% 2% 2% 2% 2% 2% 2% 2% 1% 

Case 3* 2% 2% 2% 2% 2% 2% 2% 2% 2% 0% 

Case 4* 2% 2% 2% 2% 2% 2% 2% 2% 1% 2% 

Case 5* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 6* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 7* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Table 136: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype F using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  9% 9% 9% 8% 8% 7% 7% 6% 6% 7% 

Case 2  9% 9% 9% 9% 9% 8% 8% 8% 7% 5% 

Case 3  9% 9% 9% 9% 8% 8% 8% 7% 7% 6% 

Case 4  9% 9% 9% 9% 9% 9% 8% 8% 7% 10% 

Case 5  9% 9% 9% 9% 9% 9% 9% 9% 7% 7% 

Case 6  9% 9% 9% 9% 9% 9% 9% 8% 9% 8% 

Case 7  9% 9% 9% 9% 9% 9% 9% 9% 8% 8% 

Case 8  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 
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Table 137: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the upper structure of tall-frame structure subtype F using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  7% 7% 7% 7% 7% 7% 8% 8% 7% 10% 

Case 2* 7% 7% 7% 7% 7% 7% 6% 6% 6% 7% 

Case 3* 7% 7% 7% 7% 7% 7% 6% 6% 7% 10% 

Case 4* 7% 7% 7% 7% 7% 7% 6% 7% 5% 10% 

Case 5* 7% 7% 7% 7% 7% 7% 7% 7% 7% 9% 

Case 6* 7% 7% 7% 7% 7% 7% 7% 7% 7% 6% 

Case 7* 7% 7% 7% 7% 7% 7% 7% 7% 7% 6% 

Case 8* 7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

 

C.2.2. Tall-frame structure subtypes A-L: reinforcement (upper structure) 

Table 138: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype G using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  13% 13% 13% 12% 12% 12% 10% 9% 8% 9% 

Case 2  13% 13% 13% 13% 12% 13% 13% 11% 9% 7% 

Case 3  13% 13% 13% 12% 12% 12% 13% 10% 9% 6% 

Case 4  13% 13% 13% 13% 12% 12% 12% 12% 9% 10% 

Case 5  13% 13% 13% 13% 13% 13% 13% 13% 12% 11% 

Case 6  13% 13% 13% 13% 13% 13% 13% 12% 12% 13% 

Case 7  13% 13% 13% 13% 13% 13% 13% 13% 12% 13% 

Case 8  13% 13% 13% 13% 13% 13% 13% 13% 13% 13% 

Table 139: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype G using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  7% 7% 7% 7% 7% 7% 8% 8% 8% 11% 

Case 2* 7% 7% 7% 7% 7% 7% 8% 8% 8% 10% 

Case 3* 7% 7% 7% 7% 7% 7% 8% 8% 7% 9% 

Case 4* 8% 8% 8% 8% 8% 7% 7% 8% 11% 20% 

Case 5* 7% 7% 7% 7% 7% 7% 7% 7% 7% 8% 

Case 6* 7% 7% 7% 7% 7% 7% 7% 7% 7% 8% 

Case 7* 7% 7% 7% 7% 7% 7% 7% 7% 7% 8% 

Case 8* 7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Table 140: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype H using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  9% 9% 9% 9% 10% 9% 9% 7% 7% 5% 

Case 2  9% 9% 9% 9% 9% 9% 9% 8% 8% 6% 

Case 3  9% 9% 9% 9% 9% 9% 9% 8% 7% 6% 

Case 4  9% 9% 9% 10% 9% 9% 9% 10% 11% 7% 

Case 5  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 6  9% 9% 9% 9% 9% 9% 9% 8% 9% 9% 

Case 7  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 8  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 
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Table 141: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype H using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  0% 0% 0% 0% 0% 0% 0% 1% 2% 1% 

Case 2* 0% 0% 0% 0% 0% 0% 1% 1% 1% 2% 

Case 3* 0% 0% 0% 0% 0% 0% 1% 1% 2% 2% 

Case 4* 0% 0% 0% 0% 0% 0% 0% 0% 1% 2% 

Case 5* 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 

Case 6* 0% 0% 0% 0% 0% 0% 0% 0% 1% 1% 

Case 7* 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 

Case 8* 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 

Table 142: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype I using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  14% 14% 14% 14% 13% 13% 11% 8% 8% 9% 

Case 2  14% 14% 14% 14% 14% 14% 14% 13% 13% 10% 

Case 3  14% 14% 14% 13% 14% 14% 13% 13% 10% 9% 

Case 4  14% 14% 14% 14% 14% 13% 14% 12% 12% 12% 

Case 5  14% 14% 14% 14% 14% 14% 14% 14% 13% 11% 

Case 6  14% 14% 14% 14% 14% 14% 14% 14% 14% 14% 

Case 7  14% 14% 14% 14% 14% 14% 14% 14% 14% 14% 

Case 8  14% 14% 14% 14% 14% 14% 14% 14% 14% 14% 

Table 143: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype I using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  1% 1% 1% 1% 1% 1% 1% 3% 1% 7% 

Case 2* 0% 0% 0% 0% 1% 1% 2% 2% 4% 1% 

Case 3* 0% 0% 0% 0% 1% 1% 2% 3% 2% 1% 

Case 4* 1% 1% 1% 1% 1% 1% 2% 4% 3% 3% 

Case 5* 1% 1% 1% 1% 1% 1% 1% 1% 1% 2% 

Case 6* 1% 1% 1% 1% 1% 1% 1% 1% 2% 3% 

Case 7* 1% 1% 1% 1% 1% 1% 1% 1% 2% 3% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 144: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype J using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  8% 8% 8% 8% 7% 7% 5% 4% 3% 1% 

Case 2  8% 8% 8% 7% 7% 6% 5% 4% 4% 2% 

Case 3  8% 8% 8% 8% 7% 6% 5% 4% 3% 1% 

Case 4  8% 8% 8% 8% 8% 7% 7% 5% 4% 1% 

Case 5  8% 8% 8% 8% 8% 8% 8% 8% 7% 6% 

Case 6  8% 8% 8% 8% 8% 8% 7% 7% 6% 5% 

Case 7  8% 8% 8% 8% 8% 8% 8% 7% 7% 5% 

Case 8  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 
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Table 145: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype J using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  3% 3% 3% 3% 3% 3% 3% 3% 4% 6% 

Case 2* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 3* 3% 3% 3% 3% 3% 3% 3% 3% 4% 4% 

Case 4* 3% 3% 3% 3% 3% 3% 3% 3% 3% 8% 

Case 5* 3% 3% 3% 3% 3% 3% 3% 3% 3% 4% 

Case 6* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 7* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 8* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Table 146: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype K using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  11% 11% 11% 11% 11% 10% 10% 10% 8% 5% 

Case 2  11% 11% 11% 11% 11% 11% 12% 10% 9% 7% 

Case 3  11% 11% 11% 11% 11% 11% 11% 10% 9% 6% 

Case 4  11% 11% 11% 11% 11% 11% 11% 11% 10% 6% 

Case 5  11% 11% 11% 11% 11% 11% 11% 11% 11% 10% 

Case 6  11% 11% 11% 11% 11% 11% 11% 11% 11% 12% 

Case 7  11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Case 8  11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Table 147: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype K using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  10% 10% 10% 10% 10% 10% 10% 10% 12% 14% 

Case 2* 10% 10% 10% 10% 10% 10% 11% 11% 11% 19% 

Case 3* 10% 10% 10% 10% 10% 10% 10% 11% 11% 17% 

Case 4* 10% 10% 10% 10% 10% 10% 11% 11% 13% 23% 

Case 5* 10% 10% 10% 10% 10% 10% 10% 10% 10% 10% 

Case 6* 10% 10% 10% 10% 10% 10% 10% 10% 10% 11% 

Case 7* 10% 10% 10% 10% 10% 10% 10% 10% 10% 11% 

Case 8* 10% 10% 10% 10% 10% 10% 10% 10% 10% 10% 

Table 148: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype L using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  22% 21% 20% 19% 18% 16% 14% 12% 9% 7% 

Case 2  22% 21% 21% 20% 19% 18% 18% 18% 20% 15% 

Case 3  22% 21% 20% 20% 19% 19% 17% 17% 12% 11% 

Case 4  22% 22% 22% 21% 21% 21% 19% 17% 14% 4% 

Case 5  22% 22% 22% 22% 22% 22% 21% 20% 17% 13% 

Case 6  22% 22% 22% 22% 21% 21% 20% 20% 19% 19% 

Case 7  22% 22% 22% 22% 22% 21% 21% 20% 19% 18% 

Case 8  22% 22% 22% 22% 22% 22% 22% 22% 22% 21% 
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Table 149: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype L using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  14% 14% 14% 15% 15% 15% 15% 16% 18% 10% 

Case 2* 15% 15% 15% 15% 16% 16% 17% 16% 15% 12% 

Case 3* 15% 15% 15% 15% 15% 16% 16% 16% 17% 12% 

Case 4* 17% 17% 17% 17% 17% 17% 17% 16% 17% 18% 

Case 5* 16% 16% 16% 16% 16% 16% 16% 17% 17% 17% 

Case 6* 16% 16% 16% 16% 16% 16% 16% 17% 17% 17% 

Case 7* 16% 16% 16% 16% 16% 16% 16% 16% 17% 18% 

Case 8* 17% 17% 17% 17% 17% 17% 17% 17% 17% 17% 

Table 150: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype A using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  8% 8% 8% 8% 8% 8% 7% 6% 4% 4% 

Case 2  8% 8% 8% 8% 8% 8% 8% 8% 7% 4% 

Case 3  8% 8% 8% 8% 8% 8% 8% 7% 6% 4% 

Case 4  8% 8% 8% 8% 8% 8% 7% 5% 5% 7% 

Case 5  8% 8% 8% 8% 8% 8% 8% 8% 8% 7% 

Case 6  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 7  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 8  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Table 151: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype A using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  1% 1% 1% 1% 1% 1% 1% 0% 2% 0% 

Case 2* 1% 1% 1% 1% 1% 1% 1% 1% 1% 3% 

Case 3* 1% 1% 1% 1% 1% 1% 1% 0% 1% 5% 

Case 4* 1% 1% 1% 1% 1% 1% 1% 2% 2% 2% 

Case 5* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 7* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 152: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype B using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  8% 8% 8% 8% 8% 7% 7% 6% 5% 4% 

Case 2  8% 8% 8% 8% 8% 8% 8% 7% 6% 5% 

Case 3  8% 8% 8% 8% 8% 8% 8% 7% 5% 4% 

Case 4  8% 8% 8% 8% 8% 8% 8% 7% 8% 10% 

Case 5  8% 8% 8% 8% 8% 8% 8% 8% 7% 7% 

Case 6  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 7  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 8  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

 

  



Appendix C. CBR retrieval process: study of similarity functions 

164 of 215 

Table 153: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype B using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  1% 1% 1% 1% 1% 1% 1% 2% 1% 3% 

Case 2* 0% 0% 0% 1% 1% 1% 2% 1% 1% 4% 

Case 3* 1% 1% 1% 1% 1% 1% 2% 1% 1% 4% 

Case 4* 1% 1% 1% 1% 1% 1% 2% 2% 2% 6% 

Case 5* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6* 1% 1% 1% 1% 1% 1% 1% 1% 1% 2% 

Case 7* 1% 1% 1% 1% 1% 1% 1% 1% 1% 2% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 154: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype C using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  10% 10% 10% 9% 9% 8% 8% 7% 5% 7% 

Case 2  10% 10% 10% 10% 9% 9% 10% 9% 8% 9% 

Case 3  10% 10% 10% 10% 9% 9% 9% 8% 8% 7% 

Case 4  10% 10% 10% 10% 10% 10% 10% 10% 11% 11% 

Case 5  10% 10% 10% 10% 10% 10% 10% 10% 9% 8% 

Case 6  10% 10% 10% 10% 10% 10% 10% 10% 10% 10% 

Case 7  10% 10% 10% 10% 10% 10% 10% 10% 10% 10% 

Case 8  10% 10% 10% 10% 10% 10% 10% 10% 10% 10% 

Table 155: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype C using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 2* 10% 10% 9% 9% 9% 9% 9% 9% 9% 11% 

Case 3* 10% 10% 9% 9% 9% 9% 9% 9% 9% 12% 

Case 4* 10% 10% 10% 10% 9% 9% 9% 10% 10% 10% 

Case 5* 10% 10% 10% 10% 10% 10% 10% 10% 10% 10% 

Case 6* 10% 10% 10% 10% 10% 10% 10% 9% 9% 9% 

Case 7* 10% 10% 10% 10% 10% 10% 10% 10% 9% 9% 

Case 8* 10% 10% 10% 10% 10% 10% 10% 10% 10% 10% 

Table 156: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype D using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  8% 8% 8% 8% 7% 6% 4% 4% 3% 1% 

Case 2  8% 8% 8% 7% 6% 5% 5% 5% 3% 0% 

Case 3  8% 8% 8% 7% 7% 6% 5% 4% 1% 1% 

Case 4  8% 8% 8% 8% 8% 7% 7% 6% 5% 9% 

Case 5  8% 8% 8% 8% 8% 8% 8% 8% 7% 4% 

Case 6  8% 8% 8% 8% 8% 7% 7% 6% 6% 5% 

Case 7  8% 8% 8% 8% 8% 8% 7% 7% 6% 5% 

Case 8  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 
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Table 157: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype D using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  1% 1% 1% 1% 1% 1% 0% 1% 3% 9% 

Case 2* 1% 1% 1% 0% 0% 0% 0% 1% 2% 4% 

Case 3* 1% 1% 1% 1% 0% 0% 1% 1% 4% 9% 

Case 4* 0% 0% 0% 1% 1% 2% 2% 3% 1% 9% 

Case 5* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6* 1% 1% 1% 1% 1% 0% 0% 0% 0% 0% 

Case 7* 1% 1% 1% 1% 1% 1% 0% 0% 0% 0% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 158: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype E using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  7% 7% 7% 7% 7% 7% 7% 6% 5% 5% 

Case 2  7% 7% 7% 7% 7% 7% 7% 7% 7% 6% 

Case 3  7% 7% 7% 7% 7% 7% 7% 7% 6% 6% 

Case 4  7% 7% 7% 7% 7% 7% 7% 7% 5% 2% 

Case 5  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Case 6  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Case 7  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Case 8  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Table 159: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype E using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  3% 4% 4% 4% 4% 4% 4% 4% 3% 3% 

Case 2* 4% 4% 4% 4% 4% 4% 4% 4% 3% 3% 

Case 3* 4% 4% 4% 4% 4% 4% 4% 4% 4% 2% 

Case 4* 4% 4% 4% 4% 4% 4% 4% 2% 1% 1% 

Case 5* 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 6* 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 7* 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 8* 4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Table 160: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype F using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  7% 7% 7% 7% 6% 6% 6% 5% 5% 5% 

Case 2  7% 7% 7% 7% 7% 7% 7% 6% 6% 4% 

Case 3  7% 7% 7% 7% 7% 7% 6% 6% 6% 5% 

Case 4  7% 7% 7% 7% 7% 7% 7% 7% 6% 7% 

Case 5  7% 7% 7% 7% 7% 7% 7% 7% 7% 6% 

Case 6  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Case 7  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Case 8  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 
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Table 161: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the upper structure of tall-frame structure subtype F using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  3% 3% 3% 3% 3% 3% 3% 4% 3% 6% 

Case 2* 3% 3% 3% 3% 3% 3% 3% 2% 2% 3% 

Case 3* 3% 3% 3% 3% 3% 3% 2% 2% 2% 6% 

Case 4* 3% 3% 3% 3% 3% 2% 3% 3% 1% 1% 

Case 5* 3% 3% 3% 3% 3% 3% 3% 3% 3% 4% 

Case 6* 3% 3% 3% 3% 3% 3% 3% 3% 3% 2% 

Case 7* 3% 3% 3% 3% 3% 3% 3% 3% 3% 2% 

Case 8* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

 

C.2.3. Tall-frame structure subtypes G-L: structural steel (upper structure) 

Table 162: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype G using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  2% 2% 2% 2% 2% 2% 1% 1% 1% 2% 

Case 2  2% 2% 2% 2% 2% 2% 2% 2% 1% 1% 

Case 3  2% 2% 2% 2% 2% 2% 2% 1% 1% 1% 

Case 4  2% 2% 2% 2% 2% 2% 2% 2% 1% 1% 

Case 5  2% 2% 2% 2% 2% 2% 2% 2% 2% 1% 

Case 6  2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 7  2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8  2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Table 163: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype G using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  3% 3% 3% 3% 3% 3% 3% 4% 4% 4% 

Case 2* 3% 3% 3% 3% 3% 3% 3% 3% 3% 4% 

Case 3* 3% 3% 3% 3% 3% 3% 3% 3% 3% 4% 

Case 4* 3% 3% 3% 3% 3% 3% 3% 3% 3% 4% 

Case 5* 3% 3% 3% 3% 3% 3% 3% 3% 3% 4% 

Case 6* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 7* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Case 8* 3% 3% 3% 3% 3% 3% 3% 3% 3% 3% 

Table 164: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype H using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 2  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 3  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 4  1% 1% 1% 1% 1% 1% 1% 2% 1% 0% 

Case 5  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 7  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 
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Table 165: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype H using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 2* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 3* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 4* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 5* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 6* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 7* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Table 166: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype I using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 2  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 3  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 4  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 5  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 7  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 167: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype I using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  2% 2% 2% 2% 2% 2% 2% 2% 2% 1% 

Case 2* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 3* 2% 2% 2% 2% 2% 2% 2% 2% 2% 1% 

Case 4* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 5* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 6* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 7* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Table 168: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype J using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 2  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 3  1% 1% 1% 1% 1% 1% 1% 1% 1% 0% 

Case 4  1% 1% 1% 1% 1% 1% 1% 1% 1% 0% 

Case 5  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 7  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 
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Table 169: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype J using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  2% 2% 2% 2% 2% 2% 2% 1% 1% 1% 

Case 2* 2% 2% 2% 2% 2% 2% 2% 2% 1% 1% 

Case 3* 2% 2% 2% 2% 2% 2% 2% 2% 1% 1% 

Case 4* 2% 2% 2% 2% 2% 2% 2% 1% 1% 2% 

Case 5* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 6* 2% 2% 2% 2% 2% 2% 2% 2% 2% 1% 

Case 7* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Table 170: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype K using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 2  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 3  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 4  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 5  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 7  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 171: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype K using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 2* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 3* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 4* 1% 1% 1% 1% 1% 1% 1% 1% 1% 2% 

Case 5* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 7* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 172: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype L using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  6% 6% 5% 5% 5% 4% 3% 3% 2% 1% 

Case 2  6% 6% 5% 5% 5% 5% 5% 5% 5% 4% 

Case 3  6% 6% 5% 5% 5% 5% 5% 5% 3% 3% 

Case 4  6% 6% 6% 6% 6% 5% 5% 4% 4% 1% 

Case 5  6% 6% 6% 6% 6% 6% 6% 5% 4% 3% 

Case 6  6% 6% 6% 6% 6% 5% 5% 5% 5% 5% 

Case 7  6% 6% 6% 6% 6% 6% 5% 5% 5% 5% 

Case 8  6% 6% 6% 6% 6% 6% 6% 6% 6% 6% 
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Table 173: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

structural steel in the upper structure of tall-frame structure subtype L using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  2% 2% 2% 2% 2% 2% 2% 2% 2% 1% 

Case 2* 2% 2% 2% 2% 2% 2% 2% 2% 2% 1% 

Case 3* 2% 2% 2% 2% 2% 2% 2% 2% 2% 1% 

Case 4* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 5* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 6* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 7* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

 

C.2.4. Tall-frame structure subtypes A-L: concrete (foundation) 

Table 174: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype A and G using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  36% 36% 36% 36% 36% 36% 36% 36% 36% 36% 

Case 2  36% 36% 36% 36% 36% 37% 36% 36% 36% 38% 

Case 3  36% 36% 36% 36% 36% 36% 36% 36% 36% 36% 

Case 4  36% 36% 36% 35% 35% 35% 35% 37% 39% 42% 

Case 5  36% 36% 36% 36% 36% 36% 36% 36% 35% 36% 

Case 6  36% 36% 36% 36% 36% 36% 36% 36% 36% 36% 

Case 7  36% 36% 36% 36% 36% 36% 36% 36% 36% 36% 

Case 8  36% 36% 36% 36% 36% 36% 36% 36% 36% 35% 

Table 175: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype A and G using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  24% 24% 24% 24% 24% 24% 23% 23% 23% 23% 

Case 2* 24% 24% 24% 24% 24% 24% 22% 23% 23% 26% 

Case 3* 24% 24% 24% 24% 24% 24% 23% 23% 23% 23% 

Case 4* 23% 23% 23% 23% 23% 24% 24% 29% 35% 38% 

Case 5* 24% 24% 24% 24% 24% 24% 24% 24% 21% 23% 

Case 6* 24% 24% 24% 24% 24% 24% 24% 24% 24% 23% 

Case 7* 24% 24% 24% 24% 24% 24% 24% 24% 23% 23% 

Case 8* 23% 23% 23% 23% 23% 23% 23% 23% 23% 24% 

Table 176: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype B and H using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  32% 22% 19% 19% 19% 16% 3% 3% 3% 3% 

Case 2  32% 28% 19% 19% 19% 16% 6% 3% 3% 3% 

Case 3  32% 19% 19% 19% 19% 17% 3% 3% 3% 3% 

Case 4  32% 32% 32% 32% 30% 24% 18% 7% 3% 2% 

Case 5  32% 32% 32% 19% 19% 19% 19% 19% 21% 3% 

Case 6  32% 32% 32% 32% 19% 19% 19% 19% 19% 3% 

Case 7  32% 32% 19% 19% 19% 19% 19% 19% 3% 3% 

Case 8  32% 32% 32% 32% 32% 32% 32% 32% 32% 27% 
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Table 177: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype B and H using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  9% 9% 9% 9% 9% 8% 5% 5% 5% 5% 

Case 2* 9% 9% 8% 8% 8% 7% 5% 5% 5% 1% 

Case 3* 9% 9% 9% 9% 9% 8% 5% 5% 5% 5% 

Case 4* 5% 5% 5% 5% 5% 4% 3% 0% 5% 5% 

Case 5* 6% 6% 6% 6% 6% 6% 6% 6% 3% 2% 

Case 6* 5% 5% 5% 5% 5% 5% 5% 5% 5% 1% 

Case 7* 7% 7% 7% 7% 7% 7% 7% 7% 3% 3% 

Case 8* 3% 3% 3% 3% 3% 3% 3% 3% 3% 2% 

Table 178: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype C and I using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 2  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 3  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 4  1% 1% 1% 1% 1% 1% 1% 1% 0% 0% 

Case 5  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 7  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 179: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype C and I using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  1% 1% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 2* 1% 1% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 3* 1% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 4* 1% 1% 1% 1% 1% 1% 2% 2% 2% 2% 

Case 5* 1% 1% 1% 1% 2% 2% 2% 2% 2% 2% 

Case 6* 1% 1% 1% 1% 2% 2% 2% 2% 2% 2% 

Case 7* 1% 1% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 180: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype D and J using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  12% 8% 7% 7% 7% 6% 1% 1% 1% 1% 

Case 2  12% 10% 7% 7% 7% 6% 1% 1% 1% 1% 

Case 3  12% 7% 7% 7% 7% 6% 1% 1% 1% 1% 

Case 4  12% 12% 12% 12% 11% 10% 7% 4% 0% 0% 

Case 5  12% 12% 10% 7% 7% 7% 7% 7% 9% 1% 

Case 6  12% 12% 12% 12% 7% 7% 7% 7% 7% 1% 

Case 7  12% 12% 7% 7% 7% 7% 7% 7% 1% 1% 

Case 8  12% 12% 12% 12% 12% 12% 12% 12% 12% 10% 
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Table 181: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype D and J using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  22% 21% 21% 21% 21% 19% 12% 12% 12% 13% 

Case 2* 21% 21% 21% 20% 20% 18% 12% 12% 12% 14% 

Case 3* 22% 21% 21% 21% 21% 19% 13% 13% 13% 13% 

Case 4* 16% 16% 16% 16% 15% 15% 13% 14% 6% 6% 

Case 5* 19% 19% 19% 18% 18% 18% 18% 18% 20% 10% 

Case 6* 18% 18% 18% 18% 17% 17% 17% 17% 17% 9% 

Case 7* 20% 20% 19% 19% 19% 19% 19% 19% 11% 11% 

Case 8* 14% 14% 14% 14% 14% 14% 14% 14% 14% 14% 

Table 182: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype E and K using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 2  1% 2% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 3  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 4  1% 1% 1% 1% 1% 1% 1% 1% 1% 0% 

Case 5  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 6  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 7  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Case 8  1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 183: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype E and K using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  11% 11% 11% 11% 11% 11% 11% 11% 11% 9% 

Case 2* 11% 11% 11% 11% 11% 11% 11% 11% 11% 10% 

Case 3* 11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Case 4* 11% 11% 11% 11% 11% 11% 11% 12% 9% 2% 

Case 5* 11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Case 6* 11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Case 7* 11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Case 8* 11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Table 184: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype F and L using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  7% 6% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 2  7% 6% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 3  7% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 4  7% 7% 7% 7% 7% 5% 3% 1% 1% 0% 

Case 5  7% 7% 7% 7% 2% 2% 2% 2% 2% 2% 

Case 6  7% 7% 7% 7% 2% 2% 2% 2% 2% 2% 

Case 7  7% 7% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8  7% 7% 7% 7% 7% 7% 7% 7% 7% 6% 
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Table 185: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

concrete in the foundation of tall-frame structure subtype F and L using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  6% 6% 6% 6% 6% 6% 6% 6% 6% 10% 

Case 2* 6% 6% 6% 6% 6% 6% 6% 6% 6% 10% 

Case 3* 7% 6% 6% 6% 6% 6% 6% 6% 6% 6% 

Case 4* 6% 6% 6% 6% 6% 6% 6% 3% 3% 2% 

Case 5* 6% 6% 6% 6% 6% 6% 6% 6% 6% 6% 

Case 6* 6% 6% 6% 6% 6% 6% 6% 6% 6% 6% 

Case 7* 6% 6% 6% 6% 6% 6% 6% 6% 6% 6% 

Case 8* 6% 6% 6% 6% 6% 6% 6% 6% 6% 5% 

 

C.2.5. Tall-frame structure subtypes A-L: reinforcement (foundation) 

Table 186: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype A and G using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  34% 35% 35% 35% 35% 36% 35% 35% 35% 35% 

Case 2  34% 35% 35% 35% 35% 36% 35% 35% 35% 36% 

Case 3  34% 35% 35% 35% 35% 35% 35% 35% 35% 35% 

Case 4  34% 34% 34% 34% 34% 34% 35% 37% 38% 41% 

Case 5  34% 34% 34% 35% 35% 35% 35% 35% 33% 35% 

Case 6  34% 34% 34% 34% 35% 35% 35% 35% 35% 35% 

Case 7  34% 34% 35% 35% 35% 35% 35% 35% 35% 35% 

Case 8  34% 34% 34% 34% 34% 34% 34% 34% 34% 34% 

Table 187: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype A and G using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  23% 23% 23% 23% 23% 23% 22% 22% 22% 22% 

Case 2* 23% 23% 23% 23% 23% 23% 22% 22% 22% 25% 

Case 3* 23% 23% 23% 23% 23% 23% 22% 22% 22% 22% 

Case 4* 22% 22% 22% 22% 22% 23% 23% 28% 34% 37% 

Case 5* 23% 23% 23% 23% 23% 23% 23% 23% 19% 22% 

Case 6* 23% 23% 23% 23% 23% 23% 23% 23% 23% 22% 

Case 7* 23% 23% 23% 23% 23% 23% 23% 23% 22% 22% 

Case 8* 22% 22% 22% 22% 22% 22% 22% 22% 22% 22% 

Table 188: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype B and H using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  35% 27% 23% 23% 23% 20% 7% 7% 7% 7% 

Case 2  35% 32% 26% 23% 23% 20% 12% 7% 7% 8% 

Case 3  35% 23% 23% 23% 23% 21% 7% 7% 7% 7% 

Case 4  35% 35% 35% 35% 32% 27% 22% 11% 9% 9% 

Case 5  35% 35% 35% 23% 23% 23% 23% 23% 24% 7% 

Case 6  35% 35% 35% 35% 23% 23% 23% 23% 23% 7% 

Case 7  35% 35% 23% 23% 23% 23% 23% 23% 7% 7% 

Case 8  35% 35% 35% 35% 35% 35% 35% 35% 35% 30% 
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Table 189: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype B and H using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  6% 5% 5% 5% 5% 4% 1% 1% 1% 1% 

Case 2* 5% 5% 5% 5% 4% 3% 1% 1% 1% 3% 

Case 3* 6% 5% 5% 5% 5% 4% 1% 1% 1% 1% 

Case 4* 2% 2% 2% 2% 2% 1% 0% 3% 9% 9% 

Case 5* 3% 3% 3% 2% 2% 2% 2% 2% 1% 2% 

Case 6* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 7* 4% 4% 3% 3% 3% 3% 3% 3% 1% 1% 

Case 8* 0% 0% 0% 0% 0% 0% 0% 0% 0% 1% 

Table 190: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype C and I using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  4% 4% 5% 4% 4% 4% 4% 4% 5% 5% 

Case 2  4% 4% 4% 4% 4% 4% 4% 4% 5% 5% 

Case 3  4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 4  4% 4% 4% 4% 4% 4% 4% 4% 3% 3% 

Case 5  4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 6  4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 7  4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Case 8  4% 4% 4% 4% 4% 4% 4% 4% 4% 4% 

Table 191: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype C and I using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 2* 2% 2% 2% 2% 2% 2% 2% 2% 2% 1% 

Case 3* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 4* 1% 1% 1% 1% 1% 1% 2% 2% 2% 2% 

Case 5* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 6* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 7* 2% 2% 2% 2% 2% 2% 2% 2% 2% 2% 

Case 8* 1% 1% 1% 1% 1% 1% 1% 1% 1% 1% 

Table 192: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype D and J using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  16% 12% 11% 11% 11% 10% 6% 6% 6% 6% 

Case 2  16% 14% 12% 11% 11% 10% 7% 6% 6% 6% 

Case 3  16% 11% 11% 11% 11% 10% 6% 6% 6% 6% 

Case 4  16% 16% 16% 15% 15% 14% 12% 8% 5% 5% 

Case 5  16% 16% 16% 11% 11% 11% 11% 11% 13% 6% 

Case 6  16% 16% 16% 16% 11% 11% 11% 11% 11% 6% 

Case 7  16% 16% 11% 11% 11% 11% 11% 11% 6% 6% 

Case 8  16% 16% 16% 16% 16% 16% 16% 16% 16% 14% 
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Table 193: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype D and J using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  18% 18% 17% 17% 17% 16% 9% 9% 9% 10% 

Case 2* 18% 17% 17% 17% 17% 15% 10% 8% 9% 11% 

Case 3* 19% 18% 18% 18% 18% 16% 9% 9% 9% 9% 

Case 4* 13% 13% 13% 13% 13% 12% 10% 11% 3% 3% 

Case 5* 15% 15% 15% 15% 15% 15% 15% 15% 16% 6% 

Case 6* 15% 15% 15% 15% 14% 14% 14% 14% 14% 6% 

Case 7* 17% 17% 16% 16% 16% 16% 16% 16% 8% 8% 

Case 8* 11% 11% 11% 11% 11% 11% 11% 11% 11% 11% 

Table 194: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype E and K using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  7% 7% 7% 7% 7% 7% 7% 7% 7% 6% 

Case 2  7% 7% 7% 7% 7% 7% 7% 7% 7% 6% 

Case 3  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Case 4  7% 7% 7% 7% 7% 7% 6% 6% 6% 6% 

Case 5  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Case 6  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Case 7  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Case 8  7% 7% 7% 7% 7% 7% 7% 7% 7% 7% 

Table 195: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype E and K using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  9% 9% 9% 9% 9% 9% 9% 9% 9% 8% 

Case 2* 9% 9% 9% 9% 9% 9% 9% 9% 9% 7% 

Case 3* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 4* 9% 9% 9% 9% 9% 10% 9% 10% 8% 4% 

Case 5* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 6* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 7* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Case 8* 9% 9% 9% 9% 9% 9% 9% 9% 9% 9% 

Table 196: MAPE for different distance-weight combinations (cases 1-8) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype F and L using CBR without adaptation 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1  8% 8% 6% 6% 6% 6% 6% 6% 6% 7% 

Case 2  8% 8% 6% 6% 6% 6% 6% 6% 6% 7% 

Case 3  8% 6% 6% 6% 6% 6% 6% 6% 6% 6% 

Case 4  8% 8% 8% 8% 9% 8% 7% 6% 6% 6% 

Case 5  8% 8% 8% 8% 6% 6% 6% 6% 6% 6% 

Case 6  8% 8% 8% 8% 6% 6% 6% 6% 6% 6% 

Case 7  8% 8% 6% 6% 6% 6% 6% 6% 6% 6% 

Case 8  8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 
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Table 197: MAPE for different distance-weight combinations (cases 1*-8*) and similarity thresholds when estimating the amount of 

reinforcement in the foundation of tall-frame structure subtype F and L using CBR with the proposed adaptation process 

  Similarity Threshold (%) 

Case No. 0 10 20 30 40 50 60 70 80 90 

Case 1*  8% 9% 8% 8% 8% 8% 8% 8% 8% 11% 

Case 2* 8% 8% 8% 8% 8% 8% 8% 8% 8% 12% 

Case 3* 9% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 4* 8% 8% 8% 8% 8% 8% 8% 4% 5% 0% 

Case 5* 8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 6* 8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 7* 8% 8% 8% 8% 8% 8% 8% 8% 8% 8% 

Case 8* 8% 8% 8% 8% 8% 8% 8% 8% 8% 7% 
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Appendix D. Derivation of the adjustment to the unstandardized regression coefficients and 

the normalized distance between target and existing structures 

In order to calculate the similarity score, first the normalized distance (scaled between 0 and 1) 

between the existing structures and the target structure in terms of CMQ-relevant parameters has to be 

calculated. Since the unstandardized regression coefficients are used to weight the different 

parameters, these coefficients need to be adjusted to account for the normalization of the parameters. 

The normalization and adjustment of the coefficients is accounted in the following equations. 

The continuous IVs X1, X2, …, Xn of the general linear regression model (Equation (63)) are 

normalized, using Equation (38) (duplicated below for convenience), by scaling them between 0 and 1. 
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(duplicated) 

Where, 

Xi,norm :  normalized value between 0 and 1 

Xi :  raw parameter to be normalized 

Xi
min

 :  minimum value for parameter Xi (minimum of input or existing) 

Xi
max :  maximum value for parameter Xi (maximum of input or existing) 

To account for that, Ymin is defined as shown in Equation (64) and subtracted from Equation (63) to 

yield Equation (65) and obtain the term for the normalization made to the parameters and the 

adjustment to the unstandardized regression coefficients (Equation (41) (section 3.3.1.4)). 
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Where, 

minY  : estimated value using the minimum value for parameter Xi (minimum of input or existing) for 

a given structure subtype 
min

iX  : minimum value for parameter Xi (minimum of input or existing) for a given structure subtype 

0  : constant term 

i  : regression coefficient 
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Where, 

Xi : input parameter to be scaled for a given structure subtype 
max

iX  : maximum value for parameter Xi (maximum of input or existing) for a given structure subtype 
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Applying the 0 to 1 bounded ranges (i.e., Sim(x,y)≤1 → Dist(x,y)≥0) and to satisfy the reflexivity 

principle (for x=y, when Sim(x,y) = 1 → Dist(x,y)=0) and accommodate the scaling between 0 and 1 

of the continuous IVs, the sum of the weights is set to be equal to one (i.e., ∑βadjusted = 1), therefore 

(Equation (66)), 
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This implies that the adjustment to the regression coefficients to account for the normalization of the 

parameters is as shown by Equation (41) (section 3.3.1.4) (duplicated below for convenience): 
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(duplicated) 

Combining Equation (66) with Equation (41) yields Equation (67). 
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Finally the distance can be simplified and defined by Equation (68). 
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Where, 

Xo : existing structure 

Xj : target structure 

xoi : scaled value of the ith CMQ-relevant parameter for the existing structure (Xo) 

xji : scaled value of the ith CMQ-relevant parameter for the target structure (Xj) 

n : number of CMQ-relevant parameters, from i = 1 to n 

 

Notice that Equation (68) has a form similar to the different between the target and the existing 

structures and could be rewritten as Equation (40) (section 3.3.1.4)) (duplicated below for 

convenience). 

 ( , )  oo j jDist X X Y Y  
(40) 

(duplicated) 

Where, 

oY  : normalized and adjusted value for the existing structure corresponding to CMQ-relevant 

parameters xoi 

jY  : normalized and adjusted value for the target structure corresponding to CMQ-relevant 

parameters xji 
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Appendix E. Data 

The data presented in this thesis should not be used by third parties without prior consent from the 

author. 

The structures for which data has been collected, evaluated, and generated are storage structures and 

tall-frame structures. The reason for choosing these structures was driven for their contribution to the 

project type investigated during this doctoral thesis (i.e., cement plant projects) and the availability and 

quality of information. It is important to point out the tedious and time consuming work of data 

collection, particularly when specific quality data is required. This process should not be overlooked 

or underestimated when planning on the development of new models. 

The CMQ estimates developed in this doctoral thesis are based on existing data when possible, as 

existing data consist of the CMQs used in the real world, whereas design models might not capture the 

complexity of the real world appropriately. When real world data is not available or insufficient, data 

has been generated using robust design models. 

E.1. Storage structures 

The parameters for the individual storages structure subtypes used for model development are shown 

in Table 198. The parameters for the individual storages structure subtypes used for model 

testing/validation are shown in Table 199. The transformed and normalized parameters (section 

5.2.1.4) for the data show in Table 198 are shown in Table 200. 
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Table 198: Data for storage structures (model development) 

 Structure Parameters CMQs 

Struct. 

ID 
Type Subtype Cap. (t) 

Diam. 

(m) 

Height 

(m) 

Wind 

sp. 

(m/s) 

Ground 

acc. 

(S1xg) 

Soil 

BC 

(t/m2) 

Soil 

factor 

Concrete 

(m3) 

Reinf 

(t) 

1 Storage A 7,500 18 25 42 1.07 45 1.35 3,555 583 

2 Storage A 10,000 18 30 39 1.02 36 1.40 3,358 625 

3 Storage A 10,000 18 30 33 1.01 41 1.38 3,431 628 

4 Storage A 12,000 18 40 44 1.02 41 1.38 4,579 682 

5 Storage A 11,500 20 30 38 1.28 20 1.55 3,866 758 

6 Storage A 10,000 22 60 39 1.21 10 1.43 4,713 764 

7 Storage A 18,700 22 70 42 1.01 19 1.60 5,585 788 

8 Storage A 13,500 19 45 37 1.03 32 1.42 4,310 892 

9 Storage A 12,900 19 50 34 1.20 14 1.37 4,692 981 

10 Storage A 25,700 18 50 37 1.24 35 1.36 6,341 996 

11 Storage A 18,900 22 59 41 1.12 9 1.47 6,005 1,099 

12 Storage A 14,600 24 57 40 1.25 15 1.52 6,160 1,103 

13 Storage A 16,000 20 65 31 1.24 30 1.40 6,002 1,206 

14 Storage A 26,000 24 60 31 1.22 7.5 1.60 7,267 1,294 

15 Storage B 22,500 28 20 54 1.05 25 1.50 2,707 482 

16 Storage B 30,400 44 30 33 1.08 83 1.25 5,647 853 

17 Storage B 39,700 44 25 25 1.04 49 1.55 6,248 950 

18 Storage B 45,000 38 20 42 1.07 45 1.35 5,830 985 

19 Storage B 60,000 39 30 33 1.03 92 1.00 6,251 1,113 

20 Storage B 67,200 31 28 27 1.15 65 1.40 6,494 1,117 

21 Storage B 95,300 33 30 38 1.04 57 1.20 7,488 1,131 

22 Storage B 96,500 29 40 24 1.16 73 1.32 7,307 1,147 

23 Storage B 60,000 45 25 39 1.02 36 1.40 7,433 1,152 

24 Storage B 60,000 38 45 20 1.02 37 1.40 7,469 1,173 

25 Storage B 61,200 44 48 51 1.21 28 1.42 8,476 1,204 

26 Storage B 70,000 50 25 47 1.08 46 1.35 10,200 1,469 

27 Storage B 100,000 51 25 44 1.02 41 1.38 9,459 1,476 

28 Storage B 79,400 45 35 20 1.07 35 1.37 8,960 1,487 

29 Storage B 70,000 40 35 38 1.28 20 1.55 9,985 1,548 

30 Storage B 66,200 49 32 21 1.13 40 1.50 9,168 1,604 

31 Storage B 111,900 51 30 33 1.01 41 1.38 9,867 1,648 

32 Storage B 106,800 46 26 52 1.08 45 1.26 10,530 1,664 

33 Storage B 98,300 50 35 41 1.19 17 1.09 11,578 1,795 

34 Storage B 90,000 45 50 51 1.22 7.5 1.60 12,209 2,161 

35 Storage C 9,000 16 30 40 1.04 10 1.37 3,825 535 

36 Storage C 8,000 15 35 31 1.24 30 1.40 3,690 542 

37 Storage C 7,000 15 30 36 1.05 25 1.50 3,511 674 

38 Storage C 8,000 18 40 20 1.02 37 1.40 4,390 733 

39 Storage C 8,000 17 40 35 1.16 31 1.59 4,098 799 

40 Storage C 12,800 18 65 42 1.19 37 1.58 5,446 801 

41 Storage C 19,100 19 65 42 1.02 36 1.39 6,185 829 

42 Storage C 12,000 18 60 31 1.22 7.5 1.60 4,969 855 

43 Storage C 18,000 20 70 44 1.02 41 1.38 5,968 877 

44 Storage C 13,300 17 65 22 1.03 38 1.51 4,810 933 

45 Storage C 20,700 20 75 46 1.20 31 1.59 7,440 1,339 

46 Storage C 22,800 22 68 47 1.08 46 1.35 7,290 1,341 
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Table 199: Data for storage structures (model testing/validation) 

 Structure Parameters CMQs 

Struct. 

ID 
Type Subtype 

Capacity 

(t) 

Dia. 

(m) 

Height 

(m) 

Wind 

sp 

(m/s) 

Ground 

acc. 

(S1xg) 

Soil 

BC 

(t/m2) 

Soil 

factor 

Concrete 

(m3) 

Reinf 

(t) 

T1 Storage A 10,000 18 28 30 1.03 92 1.00 3,221 608 

T2 Storage A 10,700 24 58 34 1.09 34 1.56 4,842 818 

T3 Storage A 14,000 20 60 32 1.33 30 1.40 5,876 1,158 

T4 Storage A 14,800 20 55 30 1.15 11 1.53 5,077 998 

T5 Storage B 59,000 33 30 40 1.13 82 1.37 6,314 1,061 

T6 Storage B 60,000 45 45 42 1.05 25 1.50 8,240 1,408 

T7 Storage B 75,000 48 48 45 1.24 30 1.40 11,235 1,629 

T8 Storage B 107,900 28 35 38 1.02 64 1.07 6,871 1,120 

T9 Storage C 8,000 18 40 35 1.07 45 1.35 4,028 649 

T10 Storage C 13,300 19 50 38 1.16 43 1.54 5,685 893 

T11 Storage C 15,500 22 55 35 1.07 19 1.50 6,494 981 

T12 Storage C 21,800 22 55 39 1.01 66 1.20 6,617 1,125 
 

The data was transformed by taking the natural log, and normalized using Equation (39) (Table 200). 

Table 200: Transformed and normalized parameters for storage structures (model development) 

 Structure Transformed (ln) and normalized (0-1) parameters 

Struct. 

ID 
Type Subtype Capacity Diam. Height Wind sp. Ground acc. Soil B Cap. Soil factor 

1 Storage A 0.00 0.00 0.00 0.88 0.21 0.71 0.64 

2 Storage A 0.23 0.00 0.18 0.69 0.02 0.63 0.72 

3 Storage A 0.23 0.00 0.18 0.25 0.00 0.68 0.69 

4 Storage A 0.38 0.00 0.46 1.00 0.02 0.68 0.69 

5 Storage A 0.34 0.37 0.18 0.62 0.86 0.39 0.93 

6 Storage A 0.23 0.70 0.85 0.69 0.66 0.11 0.76 

7 Storage A 0.73 0.70 1.00 0.88 0.01 0.37 1.00 

8 Storage A 0.47 0.19 0.57 0.55 0.06 0.58 0.75 

9 Storage A 0.44 0.19 0.67 0.33 0.62 0.25 0.67 

10 Storage A 0.99 0.00 0.67 0.55 0.74 0.61 0.65 

11 Storage A 0.74 0.70 0.83 0.82 0.37 0.07 0.81 

12 Storage A 0.54 1.00 0.8 0.75 0.78 0.28 0.9 

13 Storage A 0.61 0.37 0.93 0.09 0.75 0.55 0.72 

14 Storage A 1.00 1.00 0.85 0.09 0.69 0.00 1.00 

15 Storage B 0.00 0.00 0.00 1.00 0.16 0.48 0.86 

16 Storage B 0.19 0.75 0.44 0.50 0.27 0.96 0.47 

17 Storage B 0.35 0.75 0.24 0.22 0.12 0.75 0.93 

18 Storage B 0.43 0.51 0.00 0.75 0.24 0.71 0.64 

19 Storage B 0.61 0.55 0.44 0.50 0.06 1.00 0.00 

20 Storage B 0.68 0.17 0.37 0.30 0.56 0.86 0.72 

21 Storage B 0.90 0.27 0.44 0.65 0.12 0.81 0.40 

22 Storage B 0.91 0.06 0.76 0.18 0.57 0.91 0.58 

23 Storage B 0.61 0.79 0.24 0.67 0.02 0.63 0.72 

24 Storage B 0.61 0.51 0.89 0.00 0.02 0.64 0.72 

25 Storage B 0.62 0.75 0.96 0.94 0.76 0.53 0.75 

26 Storage B 0.71 0.97 0.24 0.86 0.26 0.72 0.64 

27 Storage B 0.93 1.00 0.24 0.79 0.02 0.68 0.69 

28 Storage B 0.79 0.79 0.61 0.00 0.23 0.61 0.66 

29 Storage B 0.71 0.59 0.61 0.65 1.00 0.39 0.93 

30 Storage B 0.67 0.93 0.51 0.05 0.48 0.67 0.86 

31 Storage B 1.00 1.00 0.44 0.50 0.00 0.68 0.69 

32 Storage B 0.97 0.83 0.29 0.96 0.27 0.71 0.49 

33 Storage B 0.92 0.97 0.61 0.72 0.69 0.33 0.19 

34 Storage B 0.86 0.79 1.00 0.94 0.80 0.00 1.00 
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Table 200 (continued) 

 Structure Transformed (ln) and normalized (0-1) parameters 

Struct. 

ID 
Type Subtype Capacity Diam. Height Wind sp. Ground acc. Soil B Cap. Soil factor 

35 Storage C 0.21 0.17 0.00 0.81 0.13 0.13 0.45 

36 Storage C 0.11 0.00 0.17 0.51 1.00 0.64 0.54 

37 Storage C 0.00 0.00 0.00 0.69 0.19 0.55 0.78 

38 Storage C 0.11 0.48 0.31 0.00 0.02 0.73 0.54 

39 Storage C 0.11 0.33 0.31 0.65 0.67 0.65 0.97 

40 Storage C 0.51 0.48 0.84 0.87 0.81 0.73 0.96 

41 Storage C 0.85 0.62 0.84 0.87 0.07 0.72 0.5 

42 Storage C 0.46 0.48 0.76 0.51 0.92 0.00 1.00 

43 Storage C 0.80 0.75 0.92 0.92 0.02 0.78 0.49 

44 Storage C 0.54 0.33 0.84 0.11 0.11 0.75 0.79 

45 Storage C 0.92 0.75 1.00 0.97 0.83 0.65 0.98 

46 Storage C 1.00 1.00 0.90 1.00 0.30 0.83 0.41 

 

E.2. Tall-frame structures 

During the data collection phase conducting for this doctoral thesis, only seven tall-frame structures 

were obtained, and not all with complete or verifiable information (Table 201). This limited amount of 

data was not sufficient to develop reliable models; therefore, data for the tall-frame structure subtypes 

shown in Table 202 was generated. 

Table 201: Data collected for tall-frame structures 

Structure Parameters CMQs 

Type 
Sub-

type 
Stages Strings 

Height 

(m) 

Wind 

sp 

(m/s) 

Ground 

acc. 

(S1xg) 

Soil 

BC 

(t/m2) 

Concrete 

(m3) 

Reinf 

(t) 

Struct. 

steel (t) 

Tall-frame F 6 2 134 39 1.08 35 12,015 2,132 N/A 

Tall-frame F 6 2 145 39 1.02 65 12,518 2,577 N/A 

Tall-frame F 6 2 155 44 1.08 40 12,357 1,929 N/A 

Tall-frame F 6 2 158 31 1.24 30 * * N/A 

Tall-frame H 4 2 94  38 1.32 20 3,460 470 * 

Tall-frame I 5 1 130 42 1.16 45 4,205 562 1,745 

Tall-frame K 6 1 121 54 1.24 25 * * 540 
*Information could not be obtained or verified 

E.2.1. Generated data 

The data was generated using a simplified design model based on the concept of direct stiffness finite 

element analysis developed by Dr. Dilum Fernando in the study by García de Soto et al. (2013) has 

been used to develop models for tall-frame structure subtypes. Refer to the work by Dr. Fernando for 

the calculations of different components, such as the stiffness matrix, coordinate transformations, force 

calculations based on design codes. The tall-frame structure types considered in the design model are 

given in Table 202. 
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Table 202: Tall-frame structure subtypes covered by the simplified design models 

Number of 

stages 

Number of 

strings 
Construction type Remarks 

4 

1 

Reinforced concrete All elements of the structure using reinforced concrete 

Hybrid 
Columns, foundation and slabs are in reinforced concrete. Main 

beams and floor beams are in steel. 

2 

Reinforced concrete All elements of the structure using reinforced concrete 

Hybrid 
Columns, foundation and slabs are in reinforced concrete. Main 

beams and floor beams are in steel. 

5 

1 

Reinforced concrete All elements of the structure using reinforced concrete 

Hybrid 
Columns, foundation and slabs are in reinforced concrete. Main 

beams and floor beams are in steel. 

2 

Reinforced concrete All elements of the structure using reinforced concrete 

Hybrid 
Columns, foundation and slabs are in reinforced concrete. Main 

beams and floor beams are in steel. 

6 

1 

Reinforced concrete All elements of the structure using reinforced concrete 

Hybrid 
Columns, foundation and slabs are in reinforced concrete. Main 

beams and floor beams are in steel. 

2 

Reinforced concrete All elements of the structure using reinforced concrete 

Hybrid 
Columns, foundation and slabs are in reinforced concrete. Main 

beams and floor beams are in steel. 
 

The tall-frame structure types were grouped according to their configuration (e.g., fixing the number 

or levels and the area typical for these structures, leaving only the height as a variable). They were 

further divided based on their construction type. In this case pure reinforced concrete (RC) and hybrid 

(HB) structures (i.e., a combination of reinforced concrete and structural steel, e.g., columns and slabs 

in reinforced concrete, floor beams and main beams in standard structural steel sections) were 

considered, yielding a total of 12 tall-frame structure subtypes. In addition, the upper structure and the 

foundation were separated, allowing for the development of models for these two sections of the tall-

frame structures. 

Using the simplified design model, a total of 1,000 simulations for each subtype were generated, 

yielding 6,000 data points for the amount of concrete and reinforcement in the case of RC tall-frame 

structures, and 6,000 data points for the amount of concrete, reinforcement and structural steel in the 

case of HB tall-frame structures. The total data generated is summarized in Table 203. For the 

foundation, the total data points generated for each of the applicable CMQs was 1,200 (the same 

models were used independent of the construction type). 

Table 203: Number of data points generated for CMQs for tall-frame structure subtypes to be used for model development 

    Upper structure 

Tall-frame structure 

subtype 

Construction 

type 
Stages String Concrete Reinforcement 

Structural 

Steel 

A RC 4 1 1,000 1,000 N/A 

B RC 4 2 1,000 1,000 N/A 

C RC 5 1 1,000 1,000 N/A 

D RC 5 2 1,000 1,000 N/A 

E RC 6 1 1,000 1,000 N/A 

F RC 6 2 1,000 1,000 N/A 

G HB 4 1 1,000 1,000 1,000 

H HB 4 2 1,000 1,000 1,000 

I HB 5 1 1,000 1,000 1,000 

J HB 5 2 1,000 1,000 1,000 

K HB 6 1 1,000 1,000 1,000 

L HB 6 2 1,000 1,000 1,000 

   Total 12,000 12,000 6,000 
Legend: RC (reinforced concrete structure); HB (hybrid–RC and structural steel–structure) 
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For the upper structure, to simplify the computational process (i.e., reduce the amount of data to be 

handled), the simulated cases and corresponding input/output quantities were randomly divided in two 

parts. Therefore, half of that data was used and the 80%:20% data split was implemented for model 

development (D) and testing (T), respectively. In summary, for the development and testing of models 

for concrete, reinforcement, and structural steel for the upper structure 5,979 cases were used (4,506 

for model development and 1,473 for model testing) for the different tall-frame subtypes. For RC tall-

frame structures, 3,006 were used (2,283 for model development and 723 for model testing). In the 

case of HB tall-frame structures, 2,973 were used (2,223 for model development and 750 for model 

testing) (Table 204). 

Table 204: Number of tall-frame structure subtypes used for model development (D) and testing (T) (upper structure) 

Structure Upper structure 

Type Subtype Concrete Reinforcement Concrete Reinforcement Structural Steel 

Tall-frame A 506 (386D/120T) - 

B 526 (409D/117T) - 

C 494 (384D/110T) - 

D 491 (363D/128T) - 

E 502 (370D/132T) - 

F 487 (371D/116T) - 

G - 512 (393D/119T) 

H - 512 (378D/134T) 

I - 477 (347D/139T) 

J - 489 (373D/116T) 

K - 464 (353D/111T) 

L - 519 (379D/149T) 

 TOTAL 5,979 (4,506D/1,473T) 

 

For the foundation, the data obtained from the simulation was further evaluated, and cases where piles 

would be required (excessive amount of concrete due to impractical footing size), were excluded from 

the analysis. After excluding the pile conditions, 658 cases were left for model development (D) and 

testing (T). Using the 80%:20% split, 526 were used for developing the models and the rest for testing 

them (Table 205). 

Table 205: Number of tall-frame structure subtypes used for model development (D) and testing (T) (foundation) 

Structure Foundation 

Type Subtype Concrete Reinforcement 

Tall-frame A/G 116 (92D/24T) 

B/H 116 (89D/27T) 

C/I 116 (93D/23T) 

D/J 116 (95D/21T) 

E/K 116 (95D/21T) 

F/L 78 (62D/16T) 

 TOTAL 658 (526D/132T) 

 

A representative sample from the testing data was randomly selected and used for validation purposes. 

In total 90 structures (~ 6% of the training data) were used (60 for the upper structure (Table 206) and 

30 for the foundation (Table 207)). 
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Table 206: Generated upper structure data for tall-frame structures (model validation) 

 

 

Structure ID Type Subtype Stages Strings Height (m)
Wind sp

(m/s)

Ground acc.

(S1xg)

Soil BC

(t/m
2
)

Soil factor
Concrete 

(m
3
)

Reinf (t)
Struct. 

steel (t)

T13 Tall-frame A 4 1 108 55 1.15 45 1.35 3,826 716 0

T14 Tall-frame A 4 1 105 64 1.12 45 1.35 4,040 750 0

T15 Tall-frame A 4 1 114 53 1.64 82 1 3,705 697 0

T16 Tall-frame A 4 1 113 32 1.47 10 1.8 3,404 649 0

T17 Tall-frame A 4 1 103 34 1.28 10 1.8 3,177 613 0

T18 Tall-frame B 4 2 116 40 1.31 25 1.5 6,182 1,101 0

T19 Tall-frame B 4 2 112 67 1.77 7 1.6 7,699 1,342 0

T20 Tall-frame B 4 2 104 69 1.23 45 1.35 6,680 1,180 0

T21 Tall-frame B 4 2 109 52 1.63 10 1.8 6,410 1,137 0

T22 Tall-frame B 4 2 101 62 1.39 82 1 6,528 1,156 0

T23 Tall-frame C 5 1 107 65 1.23 25 1.5 5,142 941 0

T24 Tall-frame C 5 1 114 38 1.97 10 1.8 4,135 780 0

T25 Tall-frame C 5 1 107 53 1.83 10 1.8 4,521 842 0

T26 Tall-frame C 5 1 115 65 1.35 25 1.5 5,447 989 0

T27 Tall-frame C 5 1 115 53 1.87 10 1.8 4,461 832 0

T28 Tall-frame D 5 2 113 31 1.11 82 1 6,732 1,205 0

T29 Tall-frame D 5 2 110 64 1.24 25 1.5 7,682 1,356 0

T30 Tall-frame D 5 2 120 32 1.9 45 1.35 7,057 1,257 0

T31 Tall-frame D 5 2 111 63 1.89 10 1.8 6,690 1,198 0

T32 Tall-frame D 5 2 109 51 1.17 45 1.35 6,571 1,179 0

T33 Tall-frame E 6 1 121 42 1.26 82 1 4,650 863 0

T34 Tall-frame E 6 1 114 58 1.67 25 1.5 4,752 879 0

T35 Tall-frame E 6 1 129 31 1.56 7 1.6 4,573 850 0

T36 Tall-frame E 6 1 124 51 1.78 82 1 5,100 934 0

T37 Tall-frame E 6 1 125 54 1.26 45 1.35 5,457 991 0

T38 Tall-frame F 6 2 159 61 1.87 7 1.6 11,590 2,220 0

T39 Tall-frame F 6 2 151 38 1.45 82 1 10,241 2,006 0

T40 Tall-frame F 6 2 158 57 1.49 45 1.35 12,422 2,353 0

T41 Tall-frame F 6 2 145 58 1.59 7 1.6 10,657 2,072 0

T42 Tall-frame F 6 2 156 34 1.32 45 1.35 9,701 1,920 0

T43 Tall-frame G 4 1 110 57 1.57 82 1 3,159 493 373

T44 Tall-frame G 4 1 101 63 1.32 82 1 2,902 453 373

T45 Tall-frame G 4 1 110 35 1.89 25 1.5 2,626 410 364

T46 Tall-frame G 4 1 107 37 1.58 7 1.6 2,553 398 364

T47 Tall-frame G 4 1 115 31 1.38 10 1.8 2,738 427 361

T48 Tall-frame H 4 2 109 42 1.23 7 1.6 4,689 731 606

T49 Tall-frame H 4 2 98 49 1.23 7 1.6 4,691 732 602

T50 Tall-frame H 4 2 101 62 1.74 7 1.6 5,296 826 614

T51 Tall-frame H 4 2 101 62 1.74 82 1 4,837 755 594

T52 Tall-frame H 4 2 106 56 1.32 82 1 5,061 789 606

T53 Tall-frame I 5 1 112 38 1.99 10 1.8 3,234 505 465

T54 Tall-frame I 5 1 122 61 1.99 10 1.8 4,546 709 458

T55 Tall-frame I 5 1 124 52 1.52 82 1 3,913 610 459

T56 Tall-frame I 5 1 113 37 1.2 7 1.6 3,266 509 459

T57 Tall-frame I 5 1 114 70 1.85 45 1.35 3,898 608 455

T58 Tall-frame J 5 2 114 42 1.33 25 1.5 5,442 849 691

T59 Tall-frame J 5 2 118 45 1.67 7 1.6 5,655 882 685

T60 Tall-frame J 5 2 122 38 1.82 10 1.8 5,844 912 685

T61 Tall-frame J 5 2 117 32 1.64 7 1.6 5,615 876 681

T62 Tall-frame J 5 2 113 52 1.28 82 1 5,414 845 694

T63 Tall-frame K 6 1 113 48 1.37 10 1.8 3,557 555 447

T64 Tall-frame K 6 1 128 48 1.31 25 1.5 3,694 576 452

T65 Tall-frame K 6 1 118 44 1.16 45 1.35 3,723 581 447

T66 Tall-frame K 6 1 116 59 1.9 10 1.8 3,990 622 442

T67 Tall-frame K 6 1 128 58 1.74 25 1.5 4,396 686 442

T68 Tall-frame L 6 2 154 70 1.54 25 1.5 14,399 2,246 717

T69 Tall-frame L 6 2 148 53 1.78 82 1 9,365 1,461 652

T70 Tall-frame L 6 2 160 67 1.96 10 1.8 14,887 2,322 717

T71 Tall-frame L 6 2 143 65 1.96 25 1.5 12,396 1,934 712

T72 Tall-frame L 6 2 149 34 1.71 10 1.8 8,656 1,350 653

Structure Parameters CMQs
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Table 207: Generated foundation data for tall-frame structures (model validation) 

 Structure Parameters CMQs 

Struct. 

ID 
Type 

Sub-

type 
Stages Strings 

Height 

(m) 

Wind 

sp 

(m/s) 

Ground 

acc. 

(S1xg) 

Soil 

BC 

(t/m2) 

Concrete 

(m3) 

Reinf 

(t) 

T73 Tall-frame A/G 4 1 108 63 1.77 25 3,067 156 

T74 Tall-frame A/G 4 1 99 67 1.22 25 2,546 153 

T75 Tall-frame A/G 4 1 117 67 1.29 44 1,967 122 

T76 Tall-frame A/G 4 1 102 56 1.31 80 1,784 93 

T77 Tall-frame A/G 4 1 110 68 1.63 80 1,939 89 

T78 Tall-frame B/H 4 2 110 68 1.89 80 2,642 148 

T79 Tall-frame B/H 4 2 110 57 1.85 44 3,647 192 

T80 Tall-frame B/H 4 2 115 42 1.16 80 2,387 121 

T81 Tall-frame B/H 4 2 113 37 1.77 25 4,710 253 

T82 Tall-frame B/H 4 2 118 44 1.78 25 4,172 230 

T83 Tall-frame C/I 5 1 118 49 1.23 44 2,622 134 

T84 Tall-frame C/I 5 1 114 33 1.24 44 2,609 137 

T85 Tall-frame C/I 5 1 116 35 1.98 80 2,300 96 

T86 Tall-frame C/I 5 1 113 30 1.46 80 2,104 117 

T87 Tall-frame C/I 5 1 112 48 1.46 44 2,494 112 

T88 Tall-frame D/J 5 2 119 67 1.28 44 4,271 195 

T89 Tall-frame D/J 5 2 126 65 1.59 44 4,647 214 

T90 Tall-frame D/J 5 2 120 68 1.89 80 2,887 175 

T91 Tall-frame D/J 5 2 108 37 1.19 25 4,893 217 

T92 Tall-frame D/J 5 2 113 38 1.90 25 5,333 237 

T93 Tall-frame E/K 6 1 128 40 1.52 80 1,931 112 

T94 Tall-frame E/K 6 1 124 47 1.39 44 3,377 145 

T95 Tall-frame E/K 6 1 123 44 1.50 80 2,279 117 

T96 Tall-frame E/K 6 1 130 46 1.60 80 2,576 121 

T97 Tall-frame E/K 6 1 121 34 1.82 44 3,268 137 

T98 Tall-frame F/L 6 2 145 52 1.13 80 3,482 152 

T99 Tall-frame F/L 6 2 143 58 1.32 80 3,033 162 

T100 Tall-frame F/L 6 2 157 32 1.62 44 4,906 207 

T101 Tall-frame F/L 6 2 145 48 1.46 44 5,192 258 

T102 Tall-frame F/L 6 2 143 33 1.13 44 4,820 245 

 

The data was transformed by taking the natural log, and normalized using Equation (39) (Table 208 

for upper structure and Table 209 for foundation). 
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Table 208: Transformed and normalized parameters for tall-frame structures (upper structure) 

 

Structure 

ID
Type Subtype Height Wind sp

Ground 

acc.
Soil BC Soil factor

T13 Tall-frame A 0.67 0.69 0.05 0.76 0.51

T14 Tall-frame A 0.54 0.91 0.00 0.76 0.51

T15 Tall-frame A 0.96 0.65 0.67 1.00 0.00

T16 Tall-frame A 0.90 0.00 0.48 0.14 1.00

T17 Tall-frame A 0.40 0.07 0.24 0.14 1.00

T18 Tall-frame B 0.94 0.32 0.22 0.52 0.69

T19 Tall-frame B 0.77 0.95 0.79 0.00 0.80

T20 Tall-frame B 0.30 0.97 0.11 0.76 0.51

T21 Tall-frame B 0.59 0.63 0.63 0.14 1.00

T22 Tall-frame B 0.14 0.85 0.34 1.00 0.00

T23 Tall-frame C 0.00 0.96 0.16 0.52 0.69

T24 Tall-frame C 0.37 0.16 1.00 0.14 1.00

T25 Tall-frame C 0.01 0.67 0.86 0.14 1.00

T26 Tall-frame C 0.42 0.94 0.33 0.52 0.69

T27 Tall-frame C 0.40 0.67 0.91 0.14 1.00

T28 Tall-frame D 0.23 0.00 0.00 1.00 0.00

T29 Tall-frame D 0.04 1.00 0.20 0.52 0.69

T30 Tall-frame D 0.58 0.05 0.97 0.76 0.51

T31 Tall-frame D 0.11 0.98 0.96 0.14 1.00

T32 Tall-frame D 0.00 0.69 0.09 0.76 0.51

T33 Tall-frame E 0.57 0.40 0.03 1.00 0.00

T34 Tall-frame E 0.20 0.86 0.72 0.52 0.69

T35 Tall-frame E 0.98 0.00 0.55 0.00 0.80

T36 Tall-frame E 0.74 0.69 0.87 1.00 0.00

T37 Tall-frame E 0.75 0.78 0.03 0.76 0.51

T38 Tall-frame F 0.94 0.81 0.98 0.00 0.80

T39 Tall-frame F 0.56 0.15 0.50 1.00 0.00

T40 Tall-frame F 0.87 0.71 0.56 0.76 0.51

T41 Tall-frame F 0.22 0.75 0.68 0.00 0.80

T42 Tall-frame F 0.77 0.00 0.32 0.76 0.51

T43 Tall-frame G 0.76 0.76 0.55 1.00 0.00

T44 Tall-frame G 0.30 0.87 0.17 1.00 0.00

T45 Tall-frame G 0.78 0.17 0.95 0.52 0.69

T46 Tall-frame G 0.62 0.25 0.56 0.00 0.80

T47 Tall-frame G 1.00 0.02 0.27 0.14 1.00

T48 Tall-frame H 0.55 0.37 0.12 0.00 0.80

T49 Tall-frame H 0.00 0.58 0.12 0.00 0.80

T50 Tall-frame H 0.14 0.86 0.75 0.00 0.80

T51 Tall-frame H 0.17 0.86 0.75 1.00 0.00

T52 Tall-frame H 0.42 0.73 0.25 1.00 0.00

T53 Tall-frame I 0.17 0.25 1.00 0.14 1.00

T54 Tall-frame I 0.79 0.84 1.00 0.14 1.00

T55 Tall-frame I 0.88 0.64 0.47 1.00 0.00

T56 Tall-frame I 0.24 0.21 0.00 0.00 0.80

T57 Tall-frame I 0.28 1.00 0.85 0.76 0.51

T58 Tall-frame J 0.19 0.34 0.30 0.52 0.69

T59 Tall-frame J 0.45 0.43 0.71 0.00 0.80

T60 Tall-frame J 0.68 0.21 0.86 0.14 1.00

T61 Tall-frame J 0.40 0.00 0.68 0.00 0.80

T62 Tall-frame J 0.15 0.61 0.24 1.00 0.00

T63 Tall-frame K 0.09 0.56 0.34 0.14 1.00

T64 Tall-frame K 0.92 0.55 0.26 0.52 0.69

T65 Tall-frame K 0.39 0.46 0.05 0.76 0.51

T66 Tall-frame K 0.30 0.84 0.92 0.14 1.00

T67 Tall-frame K 0.94 0.81 0.77 0.52 0.69

T68 Tall-frame L 0.69 1.00 0.56 0.52 0.69

T69 Tall-frame L 0.35 0.67 0.82 1.00 0.00

T70 Tall-frame L 0.95 0.95 0.99 0.14 1.00

T71 Tall-frame L 0.09 0.91 0.99 0.52 0.69

T72 Tall-frame L 0.42 0.11 0.75 0.14 1.00

Structure Transformed (ln) and normalized (0-1) parameters
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Table 209: Transformed and normalized parameters for tall-frame structures (foundation) 

 Structure Transformed (ln) and normalized (0-1) parameters 

Structure ID Type Subtype Height Wind sp Ground acc. Soil BC 

T73 Tall-frame A/G 0.59 0.89 0.78 0.00 

T74 Tall-frame A/G 0.21 0.97 0.06 0.00 

T75 Tall-frame A/G 1.00 0.97 0.18 0.49 

T76 Tall-frame A/G 0.35 0.75 0.20 1.00 

T77 Tall-frame A/G 0.67 1.00 0.61 1.00 

T78 Tall-frame B/H 0.64 1.00 0.94 1.00 

T79 Tall-frame B/H 0.61 0.79 0.90 0.49 

T80 Tall-frame B/H 0.85 0.41 0.08 1.00 

T81 Tall-frame B/H 0.75 0.23 0.83 0.00 

T82 Tall-frame B/H 1.00 0.46 0.84 0.00 

T83 Tall-frame C/I 0.54 0.57 0.15 0.00 

T84 Tall-frame C/I 0.35 0.10 0.17 0.00 

T85 Tall-frame C/I 0.41 0.17 1.00 1.00 

T86 Tall-frame C/I 0.30 0.00 0.46 1.00 

T87 Tall-frame C/I 0.21 0.55 0.46 0.00 

T88 Tall-frame D/J 0.58 0.96 0.22 0.49 

T89 Tall-frame D/J 0.92 0.92 0.63 0.49 

T90 Tall-frame D/J 0.65 0.98 0.95 1.00 

T91 Tall-frame D/J 0.01 0.14 0.10 0.00 

T92 Tall-frame D/J 0.26 0.19 0.96 0.00 

T93 Tall-frame E/K 0.94 0.32 0.52 1.00 

T94 Tall-frame E/K 0.74 0.53 0.37 0.00 

T95 Tall-frame E/K 0.67 0.44 0.50 1.00 

T96 Tall-frame E/K 0.99 0.51 0.61 1.00 

T97 Tall-frame E/K 0.57 0.13 0.84 0.00 

T98 Tall-frame F/L 0.16 0.63 0.04 1.00 

T99 Tall-frame F/L 0.05 0.79 0.32 1.00 

T100 Tall-frame F/L 0.86 0.00 0.68 0.00 

T101 Tall-frame F/L 0.21 0.54 0.50 0.00 

T102 Tall-frame F/L 0.07 0.06 0.04 0.00 
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Appendix F. Example for model development and evaluation using proposed process for tall-

frame structures (as shown in Step 3, Chapter 3, section 3.2.3.3) 

The proposed process for the development and evaluation of regression and NN models, as described 

in Chapter 3 and illustrated in Figure 16, is implemented in this example for tall-frame structures. It is 

presented in a way that assumes that it is an estimator the one going over this process. Since the 

amount of actual data was not sufficient, data had to be generated. Refer to Appendix E (E.2.1) for the 

generated data used in this section. 

A total of 12 tall-frame structure subtypes were defined based on their configuration and construction 

materials used. Only seven tall-frame structures of different subtypes were obtained, and not all with 

complete or verifiable information (Table 210 from the information in Table 201). 

Table 210: Number of tall-frame structure subtypes for which data (partial or complete) was obtained 

Tall-frame subtype Number 

A - 

B - 

C - 

D - 

E - 

F 4 

G - 

H 1 

I 1 

J - 

K 1 

L - 

 

To avoid repetition, all the CMQs for which models were developed (concrete, reinforcement, and 

structural steel for the upper structure and concrete and reinforcement for the foundation) (Figure 34) 

have been presented and discussed simultaneously. The estimator using the proposed process, 

however, would be doing one CMQ at the time. 
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Figure 34: Breakdown for tall-frame structures for which CMQ estimates were developed 

F.1. Sub-step 3.1: Select structure m and CMQi 

For this example, models to estimate the amount of concrete, reinforcement, and structural steel for the 

upper structure, and concrete and reinforcement for the foundation required in the construction of tall-

frame structures (of the types shown in Table 210) were developed. 

F.2. Sub-step 3.2: Prepare data (define N) 

Data from a total of 7 tall-frame structures was collected. The information was related to the general 

site characteristics for the different plants (e.g., design wind load, soil bearing capacity, spectral 

response acceleration) and specific structure characteristics (e.g., configuration, height, construction 

type), all of which were readily available during the early stages of a project. The information related 

to the CMQs was obtained from the final bill of quantities reported by the contractors and could not be 

segregated between upper structure and foundation, hence total concrete and reinforcement quantities 

were used. The data went through several checks (e.g., investigation of outliers, uniformity of units) to 

ensure it was suitable for further analysis. Data transformation was considered to improve the 

relationship between the different variables. Data transformation by taking the natural logarithm of all 

continuous variable values was performed. 
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F.3. Sub-step 3.3: Identify potential parameters 

From the data collected, the potential parameters to be used in the estimation of these structures were 

identified. Different parameters (IVs) were selected taking into consideration the limited information 

available to the estimator when preparing the preliminary estimates. The maximum, minimum and 

average values for the variables related to tall-frame structures are summarized in Table 211. All the 

design values (e.g., design wind speed, gravitational acceleration) were checked for correct units and 

standardized to meet the same code values 72F

73. 

Table 211: List of variables and description of data for tall-frame structures (as-built data) 

  ID Code Description M

ax 

Min Average Type Units 

In
p

u
t 

1 Total_Height_

m 

Height from top of 

foundation to top of 

concrete structure 

16

0 

95 120 Continuous Meters 

2 Wind_Speed_

mps 

Design wind speed in 

accordance with the 

Eurocode 1, EN 1991 1-

4 (2010) (wind design) 

70 30 50 Continuous Meters/second 

3 S1_g Spectral response 

acceleration for 1.0 sec. 

period (with a 2% 

exceedance probability 

in 50 years) in 

accordance with the 

2009 IBC, which are 

based on the 2002 USGS 

National Seismic Hazard 

Maps 

2 1.1 1.56 Continuous Gravitational 

acceleration 

expressed in 

decimal form as 

a function of g 

(S1xg) 

4 Soil_BC_tpm2 Soil bearing capacity 82 7 34 Continuous Tons/m2 

5 Material Reinforced concrete 

(RC) or hybrid (HB) 

structure 

n/a n/a n/a Categorical n/a 

6 No. Stages Number of stages from 4 

to 6 

n/a n/a n/a Categorical n/a 

7 No. Strings Number of strings from 

1 to 2 

n/a n/a n/a Categorical n/a 

 

  

                                                      

73 Eurocode 1, EN 1991 1-4 (2010) for design wind speed; 2009 IBC (based on the 2002 USGS National Seismic 

Hazard Maps) for the spectral response acceleration; Eurocode 8, EN 1998 1-6 (2006) for the soil factor. 
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Table 211 (continued) 

  ID Code Description Max Min Average Type Units 

O
u

tp
u

t 

8 Concrete_US Total concrete required for the 

upper structure in reinforced 

concrete or hybrid frame 

structures 

15,893 2,268 5,798 Continuous m3 

9 Reinf_ US Total reinforcement required for 

the upper structure in reinforced 

concrete or hybrid frame 

structures 

2,906 354 996 Continuous Tons 

10 Str_Steel_US Total structural steel used in 

hybrid frame structures 

734 357 539 Continuous Tons 

11 Concrete_FND Total concrete required for the 

foundation (excludes piles) 

5,703 1,580 3,154 Continuous m3 

12 Reinf_FND Total reinforcement required for 

the foundation (excludes piles) 

298 75 160 Continuous Tons 

 

F.4. Sub-step 3.4: Determine sample size (n) and check data sufficiency 

Equation (34) was used to determine the sample size required for the development of models. In this 

case, the maximum number of IVs (k) that could be used in the models is seven. The expectation is 

that the variables used should explain not less than 90% of the variation in the model (R2
min≥0.9) and 

the reduction of R2 that should be captured in the Adj R2 is at least of 90% (i.e., Adj R2 ≥ 0.81) (z=0.9). 

A typical 80%:20% data split for training and testing the models, respectively were used (S=0.8). 

Using this information into Equation (34) the following is obtained: 

   


 


(7 1)(0.9 0.9 0.9 2)

0.8 0.9(0.9 1)
32.2n  

Therefore, the total minimum sample size required for model development was 32.2 (say 33), from 

which 26 would be used for the development of models and the rest for testing them. Since there are 7 

tall-frame structures available, n>N; therefore, the process cannot continue without the need of 

developing simplified design models to generate additional data. 

F.4.1. Sub-step 3.4.1: Create simplified design models 

As n>N (section F.4), the collected data is not enough and the creation of simplified design models to 

generate data should be considered. 

Simplified design model, based on the concept of direct stiffness finite element analysis, were 

developed by Dr. Dilum Fernando in the study by García de Soto et al. (2013). These models were 

used to generate data used for model development. Refer to the work by Dr. Fernando (García de Soto 

et al., 2013) for the calculations of different components, such as the stiffness matrix, coordinate 

transformations, force calculations based on design codes. 

F.4.2. Sub-step 3.4.2: Generate data 

Data was generated using the design models from the previous section. Refer to Appendix E (E.2.1) 

for additional information. 

From the 12,000 datasets generated for the upper structure, 5,979 cases were randomly selected and 

used for training and testing the models (Table 204 in Appendix E (E.2)). For the foundation, from the 

1,000 datasets generated, 658 cases did not require especial foundations (i.e., piles). Those cases were 

used for training and testing the models (Table 205 in Appendix E (E.2)). 
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The generated data significantly exceeded the required data (n=33, section F.4). Additional checks 

were made in section F.7. 

F.5. Sub-step 3.5: Develop regression models 

The regression models were developed using transformed data (Equation (5)). Using the BET a total 

of 12 models were developed to estimate the different CMQs; two for concrete, reinforcement and 

structural steel quantities in the upper structure and three for concrete and reinforcement in the 

foundation. The unstandardized coefficients for the different models are shown in Appendix B (B.1, 

Table 71 (concrete upper structure), Table 75 (reinforcement upper structure), Table 79 (structural 

steel upper structure), Table 83 (concrete foundation), and Table 87 (reinforcement foundation)). All 

the variables were within the specified significance level (α=0.05) and acceptable variance inflation 

factors (i.e., multicollinearity was not an issue) (O’Brian, 2007). 

For the subsequent steps the back-transformed models were used (Equation (6)). All the statistics used 

and reported (e.g., R2, z, AICc) are then corresponding to the back-transformed models. 

F.5.1. Sub-step 3.5.1: Pre-screen developed regression models 

The developed models were pre-screened as indicated in 3.2.3.3.5.1. 

F.6. Sub-step 3.6: Calculate the AICc for regression model and select the one with lower AICc 

Table 212 shows the AICc for the different models, as well as the actual k, R2 and z values for the 

back-transformed datasets. From the set of models analyzed, the one with the lowest AICc were 

TFS_A-L/US/BET-CO-2 (-9.69x103), TFS_A-L/US/BET-RE-2 (-1.79x104), and TFS_A-L/US/BET-ST-2 

(-1.09 x104) for concrete, reinforcement, and structural steel in the upper structure, respectively, and 

TFS_A-L/FND/BET-CO-3 (4.76 x10) and TFS_A-L/FND/BET-R3 (-1.50x103) for concrete and 

reinforcement in the foundation, respectively. 

Table 212: Summary of AICc, k, R2 and z for regression models for concrete, reinforcement and structural steel (upper structure) 

and concrete and reinforcement (foundation) 

 CMQ Model AICc k R2 z 

Upper structure* Concrete (CO) CO-1 -9.68E+03 7 9.59E+01 1.00 

CO-2 -9.69E+03 6 9.59E+01 1.00 

Reinforcement (RE) RE-1 -1.78E+04 7 9.68E+01 1.00 

RE-2 -1.79E+04 6 9.68E+01 1.00 

Structural Steel (ST) ST-1 -1.09E+04 6 9.97E+01 1.00 

ST-2 -1.09E+04 5 9.97E+01 1.00 

Foundation** Concrete (CO) CO-1 5.15E+01 7 7.38E+01 0.99 

CO-2 4.93E+01 6 7.37E+01 0.99 

CO-3 4.76E+01 5 7.37E+01 0.99 

Reinforcement (RE) RE-1 -1.49E+03 7 7.18E+01 0.99 

RE-2 -1.49E+03 6 7.18E+01 0.99 

RE-3 -1.50E+03 5 7.17E+01 0.99 

* TFS_A-L/US/BET- 

** TFS_A-L/FND/BET- 

As stated in section 2.3.4, the AICc value by itself has no meaning. It becomes useful when it is 

compared to the AICc of other models in a set (ΔAICc). To assist with the interpretation of the AICc 

the probability that the selected model is more likely to be the model with the least amount of 

information loss is determined (Equation (31)). The results from this evaluation are summarized in 

Table 213. 
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Table 213: Probabilities of regression models of being the model with the least amount of information loss when compared to the 

model with lower AICc 

 CMQ Model  

 

ΔAICc P Pmin AICc Model with min AICc is this 

times better than row model 

T
F

S
_

A
-

L
/U

S
/B

E
T

- 

Concrete CO-1 2.00 26.89% 73.11% 3 

CO-2 0.00 50.00% 50.00% 1 

Reinforcement RE-1 1.00 37.75% 62.25% 2 

RE-2 0.00 50.00% 50.00% 1 

Structural 

steel 

ST-1 3.00 18.24% 81.76% 4 

ST-2 0.00 50.00% 50.00% 1 

T
F

S
_

A
-

L
/F

N
D

/B
E

T
- 

Concrete CO-1 3.00 18.24% 81.76% 4 

CO-2 1.00 37.75% 62.25% 2 

CO-3 0.00 50.00% 50.00% 1 

Reinforcement RE-1 4.00 11.92% 88.08% 7 

RE-2 2.00 26.89% 73.11% 3 

RE-3 0.00 50.00% 50.00% 1 

 

To determine ΔAICc the minimum AICc is kept fixed when determining the probability of each model 

being the one that loses the least amount of information using Equation (31) from section 2.3.4. Using 

the TFS_A-L/FND/BET-CO-1 model as an example (ΔAICc =5.10 x 10-4.8 x 10=3.00) it can be seen 

that there is a 18.24% probability that the TFS_A-L/FND/BET-CO-1 model is the model that loses the 

least amount of information and a 81.76% probability that the TFS_A-L/FND/BET-CO-3 model is the 

model that loses the least amount of information; in other words, the TFS_A-L/FND/BET-CO-3 model 

is 4 times more likely to be the best model when compared to the TFS_A-L/FND/BET-CO-1 model. 

F.7. Sub-step 3.7: Check sample size determined in F.4 

Plugging in the actual values for k, R2 and z (Table 212) for the selected models (i.e., for the upper 

structure models: TFS_A-L/US/BET-CO-2 (k=6, R2=95.85, z=1.00), TFS_A-L/US/BET-RE-2 (k=6, 

R2=96.75, z=0.99), and for TFS_A-L/US/BET-ST-2 (k=5, R2=99.71, z=1.00); for the foundation 

models: TFS_A-L/FND/BET-CO-3 (k=5, R2=73.65, z=0.992), and TFS_A-L/FND/BET-RE-3 (k=5, 

R2=71.71, z=0.9909)) into Equation (34) the nactual is obtained. The value for the percentage of data to 

be used for training the model is kept the same (S=0.8). 

The nactual for the concrete and the reinforcement models for the upper structure is 5,633, and the 

generated data used is 5,979; hence nactual ≤ N. The nactual for the structural steel model for the upper 

structure is 2,779, and the generated data used is 2,973; hence nactual ≤ N. The nactual for the concrete 

and reinforcement models for the foundation is 658, and the generated data used is 658; hence nactual ≤ 

N. Since for the selected models the sample size requirements are met the selected regression models 

are confirmed. The process can continue. 

F.8. Sub-step 3.8: Develop NN model 

Using the selected regression model to determine the input variables, the NN models for concrete and 

reinforcement were developed with the characteristics determined in section 3.2.3.3.8. The number of 

neurons in the hidden layer of the NN model was determined empirically as indicated in sections 

2.2.2.1.2, 3.2.3.2, and Figure 15. For the estimation of concrete and reinforcement quantities the NN 

models with the lowest generalization error and AICc had 3 neurons in the hidden layer. 

The following tables show the weights between the input and the hidden layer and the hidden layer 

and the output for the NN models for CMQs for the upper structure (Table 214 and Table 215) and 

foundation (Table 216) of the different tall-frame structure subtypes. 
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Table 214: Summary of estimated weights for NN model using 5 inputs and 3 neurons for concrete and reinforcement for the upper 

structure of tall-frame structures 

 Concrete (upper structure) Reinforcement (upper structure) 

Input 

Input/Hidden Layer (WA) 
Output 

Layer 
Hidden Layer (WA) 

Output 

Layer 

H1 H2 H3 
Concrete 

(m3) 
H1 H2 H3 

Reinforce-

ment (t) 

Input 

Layer 

I1: Height_m 0.082 -0.680 -0.371  -0.240 -0.448 0.430  

I2: Wind_sp 0.172 0.238 -0.680  -0.071 -0.142 -0.176  

I3: HB -0.003 0.202 -0.002  0.110 0.049 0.330  

I4: Stages -0.011 -0.127 -0.137  0.039 -0.770 0.035  

I5: Strings 0.473 -0.102 0.336  -0.444 0.929 -0.536  

Bias 1 -0.195 0.059 0.606  0.156 -0.240 -0.478  

Hidden/

Output 

Layer 

(WB) 

H1    0.829    -1.152 

H2    -0.586    -0.508 

H3    -0.423    -0.420 

Bias 2    -0.156    -0.673 

Table 215: Summary of estimated weights for NN model using 4 inputs and 3 neurons for structural steel for the upper structure of 

tall-frame structures 

 Structural steel (upper structure) 

Input 
Input/Hidden Layer (WA) Output Layer 

H1 H2 H3 Structural steel (t)  

Input Layer 

I1: Height_m -0.933 0.405 0.106  

I2: Wind_sp 0.182 -0.148 -0.102  

I3: Stages -0.924 0.010 0.354  

I4: Strings 0.187 -1.137 -0.343  

Bias 1 -1.084 0.926 0.049  

Hidden/Output Layer (WB) 

H1    -0.943 

H2    -1.153 

H3    -0.524 

Bias 2    -0.009 

Table 216: Summary of estimated weights for NN model using 4 inputs and 3 neurons for concrete and reinforcement for the 

foundation of tall-frame structures 

 Concrete (foundation) Reinforcement (foundation) 

Input 

Input/Hidden Layer (WA) 
Output 

Layer 
Hidden Layer (WA) 

Output 

Layer 

H1 H2 H3 
Concrete 

(m3) 
H1 H2 H3 

Reinforce-

ment (t) 

Input 

Layer 

I1: S1 -0.008 0.003 -0.054  0.004 0.015 0.035  

I2: Soil_BC -0.054 -2.885 -0.637  0.622 -0.385 -2.177  

I3: Stages 0.394 0.486 -0.013  -0.478 1.828 -0.234  

I4: Strings 0.983 0.496 -0.204  1.306 -1.483 -0.478  

Bias 1 1.539 -1.899 0.678  0.511 -0.752 -1.469  

Hidden/

Output 

Layer 

(WB) 

H1    1.174    1.639 

H2    0.811    1.083 

H3    -0.430    0.939 

Bias 2    -0.594    0.072 

 

F.9. Sub-step 3.9: Calculate the AICc for (each) developed NN model (and select the one with 

lower AICc) 

The AICc for the NN model is calculated using Equation (30) with K equal to the number of inputs 

plus the bias neuron. The AICc for the concrete, reinforcement, and structural steel NN models for the 

upper structure is -1.04 x 104, -1.89 x 104 and -1.11 x 104 respectively. The AICc for the concrete and 

reinforcement NN models for the foundation is -2.89 x 102 and -198 x 103 respectively. 
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F.10. Sub-step 3.10: Compare best Regression and NN models and use the one with lower 

AICc 

The AICc for the Regression and NN models is summarized in Table 217. 

Table 217: Summary of MAPE for Regression and NN models for concrete and reinforcement 

 Model ID AICc 

Upper structure *CO-2 -9.69E+03 

**CO-NN -1.04E+04 

*RE-2 -1.79E+04 

**RE-NN -1.89E+04 

*ST-2 -1.09E+04 

**ST-NN -1.11E+04 

Foundation ***CO-3 4.80E+01 

****CO-NN -2.89E+02 

***RE-3 -1.50E+03 

****RE-NN -1.98E+03 

* TFS_A-L/US/BET- 

** TFS_A-L/US/ 

*** TFS_A-L/FND/BET- 
**** TFS_A-L/FND/ 

The AICc for the NN models is lower than for the regression models; hence, the models selected for 

the estimation of concrete, reinforcement, and structural steel for the upper structure of tall-frame 

structures are TFS_A-L/FND/BET-CO-NN, TFS_A-L/FND/BET-RE-NN, TFS_A-L/FND/BET-ST-NN. 

The ones for the concrete and reinforcement for the foundation of tall-frame structures are TFS_A-

L/US/BET-CO-NN, TFS_A-L/US/BET-RE-NN. 

F.11. Sub-step 3.11: Next CMQ or structure 

As indicated at the beginning of this example all the CMQs for which models were developed (i.e., 

concrete, reinforcement, and structural steel for the upper structure, and concrete and reinforcement 

for the foundation) have been presented and discussed simultaneously, therefore, for this example this 

step was not applicable. 

The individual using the proposed process, however, would be doing one CMQ at the time. 
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Appendix G. Example using tall-frame structures to illustrate the estimation phase (as shown 

in Step 4, Chapter 3, section 3.3.1) 

G.1. Sub-step 4.1: Obtain values of input parameters 

The input required for this example was collected and it is shown in Appendix E (E.2.1), Table 206 

(upper structure) and Table 207 (foundation). 

G.2. Sub-step 4.2: Normalize parameters 

The parameters were normalized by scaling them between 0 and 1 (section 3.3.1.2) as shown in 

section 5.2.1.2. The results from this normalization are summarized in Appendix E (E.2.1), Table 208 

(upper structure) and Table 209 (foundation). 

The maximum and minimum values required for each parameter from the generated data from each 

tall-frame structure subtype are shown in Table 218 (upper structure) and Table 219. 

Table 218: Maximum and minimum values of parameter for different tall-frame structure subtypes (upper structure) 

  Tall-frame structure subtype (upper-structure) 

Parameter A B C D E F G H I J K L 

Height (m) Max 115 117 127 128 130 160 115 118 126 128 129 161 

Min 96 98 107 109 110 141 95 98 109 110 111 141 

Wind sp (m/s) Max 69 70 67 64 64 70 70 70 70 70 67 70 

Min 32 31 34 31 31 34 30 31 31 32 31 31 

Ground acc. (S1xg) Max 2 2 2 2 2 2 2 2 2 2 2 2 

Min 1 1 1 1 1 1 1 1 1 1 1 1 

Soil BC (t/m2) Max 82 82 82 82 82 82 82 82 82 82 82 82 

Min 7 7 7 7 7 7 7 7 7 7 7 7 

Soil factor Max 2 2 2 2 2 2 2 2 2 2 2 2 

Min 1 1 1 1 1 1 1 1 1 1 1 1 

Table 219: Maximum and minimum values of parameter for different tall-frame structure subtypes (foundation) 

  Tall-frame structure subtype (foundation) 

Parameter A/G B/H C/I D/J E/K F/L 

Height (m) Max 117 118 127 128 130 160 

Min 95 98 108 108 110 142 

Wind sp (m/s) Max 68 68 70 69 68 69 

Min 31 31 30 33 30 32 

Ground acc. (S1xg) Max 2 2 2 2 2 2 

Min 1 1 1 1 1 1 

Soil BC (t/m2) Max 80 80 80 80 80 80 

Min 25 25 44 25 44 44 

 

G.3. Sub-step 4.3: Enter the similarity threshold 

The recommended value for the similarity threshold is 70% (section 3.3.1.3 per section 4.7). This was 

the value used as the minimum matching requirement when select existing structures as the basis for 

the CMQ estimates of the target structure. 

G.4. Sub-step 4.4: Calculate the distance between the target and existing structures 

Equation (40) and Equation (42) were used to calculate the distance between the target and existing 

structures. The distances for all the target tall-frame structures were determined following the same 

example shown in section 5.2.1.4. 
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G.5. Sub-step 4.5: Calculate the similarity between the target and existing structures 

The similarity between the target and the existing structures was calculated using Equation (43) 

(section 3.3.1.5). The similarities between the target tall-frame structures and the existing tall-frame 

structures were determined following the same example shown in section 5.2.1.5. 

G.6. Sub-step 4.6: Select similar structures 

Following the same example shown in section 5.2.1.6, Equation (44) was used to determine the similar 

structures using the recommended similarity threshold of 70% (section 5.2.1.3) and the similarities 

between the target tall-frame structures and existing tall-frame structures. 

G.7. Sub-step 4.7: Estimate CMQs for CMQ-relevant structures 

The six-step process indicated in section 3.3.1.7.1 was applicable. Using Equation (47) and following 

the same example shown in section 5.2.1.7 the estimated CMQs for the target tall-frame structures 

were calculated (Table 220 for upper structure and Table 221 for foundation). 
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Table 220: Estimated CMQ for target tall-frame structures using the proposed methodology (upper structure) 

Structure ID Type Subtype Concrete (m3) Reinforcement (t) Struct. steel (t) 

T13 Tall-frame A 3,810 706 N/A 

T14 Tall-frame A 3,886 717 N/A 

T15 Tall-frame A 4,066 757 N/A 

T16 Tall-frame A 3,404 641 N/A 

T17 Tall-frame A 3,063 573 N/A 

T18 Tall-frame B 6,389 1,181 N/A 

T19 Tall-frame B 7,271 1,327 N/A 

T20 Tall-frame B 6,556 1,181 N/A 

T21 Tall-frame B 6,394 1,165 N/A 

T22 Tall-frame B 6,108 1,098 N/A 

T23 Tall-frame C 4,344 788 N/A 

T24 Tall-frame C 3,929 733 N/A 

T25 Tall-frame C 4,073 750 N/A 

T26 Tall-frame C 4,753 870 N/A 

T27 Tall-frame C 4,436 818 N/A 

T28 Tall-frame D 6,159 1,121 N/A 

T29 Tall-frame D 7,431 1,333 N/A 

T30 Tall-frame D 6,701 1,228 N/A 

T31 Tall-frame D 7,504 1,348 N/A 

T32 Tall-frame D 6,844 1,231 N/A 

T33 Tall-frame E 4,734 887 N/A 

T34 Tall-frame E 4,862 899 N/A 

T35 Tall-frame E 4,723 897 N/A 

T36 Tall-frame E 5,265 987 N/A 

T37 Tall-frame E 5,383 1,008 N/A 

T38 Tall-frame F 13,208 2,461 N/A 

T39 Tall-frame F 10,468 1,967 N/A 

T40 Tall-frame F 12,734 2,373 N/A 

T41 Tall-frame F 11,410 2,114 N/A 

T42 Tall-frame F 10,465 1,979 N/A 

T43 Tall-frame G 3,314 520 381 

T44 Tall-frame G 3,032 471 385 

T45 Tall-frame G 2,820 447 376 

T46 Tall-frame G 2,768 437 378 

T47 Tall-frame G 2,857 456 374 

T48 Tall-frame H 4,940 764 558 

T49 Tall-frame H 4,557 696 596 

T50 Tall-frame H 5,098 776 598 

T51 Tall-frame H 5,134 782 597 

T52 Tall-frame H 5,268 807 593 

T53 Tall-frame I 3,202 500 450 

T54 Tall-frame I 4,219 659 451 

T55 Tall-frame I 4,087 641 449 

T56 Tall-frame I 3,211 502 462 

T57 Tall-frame I 3,997 618 455 

T58 Tall-frame J 5,645 864 700 

T59 Tall-frame J 6,123 938 698 

T60 Tall-frame J 6,042 933 694 

T61 Tall-frame J 5,404 835 694 

T62 Tall-frame J 6,030 917 704 

T63 Tall-frame K 3,760 589 444 

T64 Tall-frame K 4,487 714 439 

T65 Tall-frame K 3,892 614 441 

T66 Tall-frame K 4,206 658 445 

T67 Tall-frame K 4,821 764 440 
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Table 220 (continued) 

Structure ID Type Subtype Concrete (m3) Reinforcement (t) Struct. steel (t) 

T68 Tall-frame L 11,082 1,742 678 

T69 Tall-frame L 9,646 1,516 676 

T70 Tall-frame L 11,358 1,793 675 

T71 Tall-frame L 9,939 1,551 681 

T72 Tall-frame L 8,363 1,325 667 

Table 221: Estimated CMQ for target tall-frame structures using the proposed methodology (foundation) 

Structure ID Type Subtype Concrete (m3) Reinforcement (t) 

T73 Tall-frame A/G 3,105 158 

T74 Tall-frame A/G 2,952 150 

T75 Tall-frame A/G 2,114 108 

T76 Tall-frame A/G 1,658 84 

T77 Tall-frame A/G 1,692 86 

T78 Tall-frame B/H 2,806 141 

T79 Tall-frame B/H 3,474 177 

T80 Tall-frame B/H 2,693 134 

T81 Tall-frame B/H 4,520 232 

T82 Tall-frame B/H 4,523 232 

T83 Tall-frame C/I 2,500 126 

T84 Tall-frame C/I 2,502 126 

T85 Tall-frame C/I 2,085 106 

T86 Tall-frame C/I 2,031 103 

T87 Tall-frame C/I 2,549 129 

T88 Tall-frame D/J 4,227 214 

T89 Tall-frame D/J 4,345 221 

T90 Tall-frame D/J 3,281 167 

T91 Tall-frame D/J 5,178 246 

T92 Tall-frame D/J 5,191 250 

T93 Tall-frame E/K 2,255 114 

T94 Tall-frame E/K 2,986 153 

T95 Tall-frame E/K 2,253 114 

T96 Tall-frame E/K 2,267 115 

T97 Tall-frame E/K 3,089 159 

T98 Tall-frame F/L 3,509 177 

T99 Tall-frame F/L 3,567 180 

T100 Tall-frame F/L 4,697 239 

T101 Tall-frame F/L 4,642 236 

T102 Tall-frame F/L 4,503 229 

 

G.8. Sub-step 4.8: Estimate total CMQs based on estimated CMQs for CMQ-relevant 

structures 

As indicated in section 1.3, the estimation accuracy at the project level (i.e., cement plant) was not 

possible due to the limited amount of information for complete projects. Therefore, as in section 

5.2.1.8, this step was not applicable. 
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Appendix H. Proposed adaptation vs. other regression-based adaptations 

The adaptation by García de Soto et al. (2013) (Adaptation 2 in Table 222) and the adaptation by Jin et 

al., (2012 and 2014) (based on the one by Patterson et al. (2002) (Adaptation 3 in Table 222) were 

used to estimate the CMQs for target storage structures and the results from these adaptations were 

compared with the results from the proposed adaptation 73F

74 (Adaptation 1 in Table 222). 

H.1. García de Soto et al. (2013) 

The adaptation used by García de Soto et al. (2013) consists of three phases. They are summarized 

below: 

Phase 1: Calculate the difference between the actual and estimated CMQ from the existing similar 

structures (Equation (69)). 

 ∆i = CMQDBi – CMQDBmi (69) 

Where, 

∆i : difference between the CMQ estimated using the prediction model and the CMQ used 

for each similar structure i 

CMQDBi : actual CMQ from existing structure i 

CMQDBmi : estimated CMQ for similar structure i using corresponding regression model 

Phase 2: Calculate the estimated CMQ for the target structure using corresponding regression model 

(i.e., CMQINm). 

Phase 3: Adjust the estimated CMQ of the target structure, CMQINm, using the difference(s) calculated 

in Phase 1 (Equation (70)). 

 CMQadj = CMQINm + ∆avg (70) 

Where, 

CMQadj : adjusted CMQ for target structure 

CMQINm : estimated CMQ for the target structure using corresponding regression model 

And the average of the differences is calculated using Equation (71). 

 
1

t

i

i
avg

t





 


 
(71) 

Where, 

t : number of similar structures. 

                                                      

74 With the similarity function and similarity threshold determined from Sections 4.5 and 4.7, respectively (i.e., 

with the same existing structures as basis of the estimate). 
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H.2. Jin et al. (2012 and 2014) (based on the one by Patterson et al. (2002)) 

The concept of the adaptation proposed by Patterson et al. (2002) was used by Jin et al. (2012 and 

2014) to estimate the cost of construction projects. It is based on the meaning of the coefficients in a 

linear regression model. In a linear model Y=β0+β1X1+ β2X2, if X2 is fixed, then for each change of 1 

unit in X1, Y changes β1 units. 

This concept was transferred to the difference between the attributes between the target case and 

existing cases such that (Equation (72)). 

        1 1 2 2

' ' ' '

1 2        
n nnY Y X X X X X X           (72) 

Finally, the revised estimate would account for that difference in the proposed solution from the case 

with the highest similarity with the target case (i.e., Estimaterevised = Actual from existing + (Y’- Y)). In 

order to fit the functional form for the models developed (i.e., Equation (6), using the constant 

elasticity principle) the adjustment had to be modified, so that when X1 increases by 1% Y tends to 

increase by β1% (decrease if β1 is negative) regardless of the values of X1 or any other X. 

H.3. Results 

For the comparison of the proposed adaptation with the other two adaptations, the estimated CMQs for 

storage structure were used. The results are summarized in Table 222. 

Table 222: Percentage error for estimated CMQs for target storage structures using different adaptation processes 

 Concrete Reinforcement 

 Adaptation 1 Adaptation 2 Adaptation 3 Adaptation 1 Adaptation 2 Adaptation 3 

T01 9.25% 8.93% 4.12% 6.80% 3.58% 2.51% 

T02 3.67% 1.66% 1.01% 13.60% 4.18% 22.46% 

T03 -5.34% -8.13% 0.15% -8.01% -9.09% 0.11% 

T04 1.94% 0.79% 7.89% -2.00% -7.10% 19.62% 

T05 1.09% 1.48% 1.93% 0.33% -0.49% 17.69% 

T06 -0.33% 1.12% 0.67% -5.32% -4.75% 3.88% 

T07 -6.96% -5.88% 7.13% 4.74% 6.90% 42.00% 

T08 0.88% 1.01% 0.29% 2.58% -1.69% 17.78% 

T09 -0.04% 2.25% 12.37% 1.27% 7.87% 7.25% 

T10 -1.29% -4.68% 2.18% 0.44% -1.56% 3.85% 

T11 -0.54% -4.04% 5.56% 2.55% 2.26% 18.45% 

T12 9.49% 5.42% 2.13% -0.85% -1.84% 16.92% 

MAPE 3.40% 3.78% 3.79% 4.04% 4.27% 14.38% 
Legend: Adaptation 1 (proposed adaptation); Adaptation 2 (adaptation by García de Soto et al. (2013)); Adaptation 3 (adaptation by 

Patterson et al. (2002)) 

H.4. Conclusion 

The results from the estimated CMQs for target storage structure using different adaptation processes 

(with same similarity function and similarity threshold) showed that the proposed adaptation provided 

better estimates (lower MAPEs) than the other adaptation processes. The MAPEs between the 

proposed adaptation and the adaptation by García de Soto et al. (2013) were very similar (3.72% vs. 

4.03% for concrete and reinforcement combined) and their difference was not statistically significant 

(α = 0.05; two-sample t(24) = 2.07, p = 0.64). On the other hand, there was a statistically significant 

difference between the MAPEs from proposed adaptation and the adaptation by Patterson et al. (2002) 

(3.72% vs. 9.08% for concrete and reinforcement combined) (α=0.05; two-sample t(24)=2.07, 

p=0.021). In all cases the MAPEs from the proposed adaptation were better than the ones from the 

adaptations it was compared to. 
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 American Society of Civil Engineers M. ASCE No. 357695 

 International Council Code Certified Member No. 5267021 
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COMPUTER SKILLS 

 Microsoft Office (Word, Excel (VBA), Project, Power Point, Access and Visio) 

 IBM-SPSS Statistics 

 Primavera (P3) / Suretrack 
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 Fast and efficient learning new computer software 

 
LANGUAGE SKILLS 

 Native Language:  Spanish 

 Other Languages:  English – Full professional proficiency 

 German – Elementary proficiency 
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