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Abstract 

Metabolism is fundamental to all known organisms in transforming nutrients into building 

blocks and energy required to sustain life. Cellular metabolism consists of a network of 

thousands mostly enzyme-catalyzed reactions interconverting small chemical molecules, so-

called metabolites. Decades of biochemistry research and, more recently, the development of 

genome sequencing technology, have led to the characterization of the metabolic networks of 

many organisms. Yet, in many organisms more than half of the genes have no known function 

assigned, and it is estimated that up to one third of these functionally uncharacterized genes 

may encode metabolic enzymes. Consequently, although the topology of metabolism is 

relatively well-understood, many missing enzymes may exist that remain unaccounted for in 

current models. These missing enzymes, together with an incomplete understanding of 

regulatory mechanisms, limit the ability of metabolic models to analyze and contextualize 

experimental data and reduce the accuracy of their predictions.  

During this thesis, I developed a novel method for the systematic discovery of metabolic 

enzymes. It is based on the incubation of purified or overexpressed proteins in complex mixtures 

of metabolites, followed by the detection of catalytic events by nontargeted mass spectrometry. 

In Chapter 3, I describe the development and validation of this method and report its application 

to all functionally uncharacterized proteins of the model bacterium Escherichia coli, identifying 

over two hundred putative novel enzymes, twelve of which were followed up and functionally 

validated. During the method development stage, I noticed that many known enzymes seemed 

to catalyze additional reactions. In Chapter 4, I therefore systematically investigated all known 

metabolic enzymes of E. coli for additional catalytic capabilities using the developed technology. 

Indeed, for over four hundred enzymes novel substrates or products were observed, suggesting 

these enzymes to have so-called promiscuous activities. The subsequent successful functional 

validation of selected promiscuous enzymes corroborated the accuracy of these findings. The 

effect of such wide-spread promiscuity on metabolism was then tested using a constraint-based 

modeling approach, predicting that enzyme promiscuity may facilitate the evolution of E. coli to 

utilize novel nutrients and hence conquer new habitats.  

Despite missing enzymes, the topology of the metabolic network is reasonably well 

understood, whereas much less is known about metabolic responses to genetic or 

environmental perturbations. Nontargeted metabolomics methods are instrumental to measure 

the concentrations of a large number of metabolites, thereby enabling a comprehensive and 

largely unbiased assessment of the metabolic phenotype. In Chapters 5 and 6 of this thesis, I 

used nontargeted metabolomics to study the metabolic responses of fifteen diverse organisms 

to hyperosmotic salt stress as a model for complex environmental perturbations. Beyond 

unexpectedly global metabolic responses involving half of the covered metabolome, 

nontargeted metabolomics led to the identification of a novel osmoprotection mechanism in E. 

coli, namely the stabilization of its cytoplasmic membrane by accumulation of the isoprenoid and 

respiratory electron carrier ubiquinone-8.  

Overall, this thesis demonstrates the potential of nontargeted metabolomics for large-scale 

and data-driven investigations in diverse fields of biological research. 
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Zusammenfassung 

Stoffwechsel ist ein grundlegender Prozess in allen bekannten Lebewesen, in dessen 

Verlauf Nährstoffe in lebensnotwendige Bausteine und Energie umgewandelt werden. Der 

zelluläre Stoffwechsel besteht aus einem Netzwerk tausender meist enzymkatalysierter 

Reaktionen kleiner chemischer Moleküle, sogenannter Metaboliten. Jahrzehnte biochemischer 

Forschung und, in jüngerer Zeit, die Entwicklung von Genomsequenzierungstechnologien, 

haben zur Aufklärung der Stoffwechselnetzwerke vieler Lebewesen geführt. Jedoch ist in vielen 

Lebewesen die Funktion mehr als der Hälfte der Gene weiterhin unbekannt, und es ist 

anzunehmen, dass bis zu ein Drittel davon für Stoffwechselenzyme kodieren könnte. Obwohl die 

Struktur von Stoffwechselnetzwerken im Allgemeinen gut untersucht ist existiert daher 

möglicherweise eine Vielzahl bislang unbekannter Enzyme, denen derzeitige Modelle nicht 

Rechnung tragen. Diese fehlenden Enzyme, zusammen mit einem nur begrenzten Verständnis 

von Regulationsmechanismen, schränken die Fähigkeit solcher Modelle ein, experimentelle 

Daten zu interpretieren und verringern ihre Vorhersagegenauigkeit.  

Im Rahmen dieser Dissertation wurde ein neuartiger Ansatz zur systematischen Entdeckung 

von Stoffwechselenzymen entwickelt. Dieser beruht auf der Inkubation aufgereinigter oder 

überexprimierter Proteine in einer Metabolitenmixtur, gefolgt von der Detektion katalytischer 

Ereignisse durch nicht-zielgerichtete Massenspektrometrie. In Kapitel 3 wird die Entwicklung 

und Validierung dieser Methode beschrieben, sowie deren Anwendung auf alle funktionell nicht 

charakterisierten Proteine des Modellbakteriums Escherichia coli dargelegt. In dieser Studie 

wurden mehr als zweihundert mögliche neue Enzyme identifiziert, von denen zwölf näher 

untersucht und validiert wurden. Während der Methodenentwicklung war auffällig, dass viele 

bereits bekannte Enzyme scheinbar weitere Reaktionen katalysierten. In Kapitel 4 wurden daher 

alle in E. coli bekannten Stoffwechselenzyme systematisch auf zusätzliche katalytische 

Aktivitäten hin untersucht. In der Tat wurden bei mehr als vierhundert Enzymen bislang 

unbekannte Substrate oder Produkte detektiert, welches auf deren sogenannte Promiskuität 

hindeutet. Die Zuverlässigkeit dieser Ergebnisse wurde durch erfolgreiche Validierung 

ausgewählter promiskuitiver Enzyme bestätigt. Schlussendlich wurde der Einfluss promiskuitiver 

Enzyme auf den gesamten Stoffwechsel mittels eines beschränkungsbasierten 

Modellierungsansatzes untersucht, welcher einen Beitrag von Enzympromiskuität zur 

evolutionäre Weiterentwicklungsfähigkeit des Stoffwechsels hinsichtlich der Verwendung neuer 

Nährstoffe einhergehend mit der Kolonialisierung neuer Lebensräume durch E. coli vorhersagte. 

Trotz fehlender Enzyme ist die Struktur des Stoffwechselnetzwerkes üblicherweise 

hinreichend bekannt, wohingegen die Stoffwechselantwort auf genetische oder umweltbedingte 

Veränderungen wesentlich weniger gut verstanden ist. Nicht-zielgerichtete 

Metabolomikmethoden können eingesetzt werden um die Konzentration einer Vielzahl von 

Metaboliten zu messen, wodurch die umfassende und weitgehend unvoreingenommene 

Einschätzung des metabolischen Phänotyps ermöglicht wird. In Kapiteln 5 und 6 dieser 

Dissertation wurden nicht-zielgerichtete Metabolomikmethoden genutzt um die 

Stoffwechselantworten fünfzehn unterschiedlicher Lebewesen auf hyperosmotischen 

Salzstress, ein Modellsystem für komplexe Umweltstörungen, zu untersuchen. Über unerwartet 
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weitläufige, die Hälfte des abgedeckten Metaboloms umfassende Stoffwechselantworten 

hinaus, führten diese Untersuchungen zur Entdeckung eines neuen Schutzmechanismus 

gegenüber osmotischem Stress in E. coli, nämlich die Stabilisierung dessen zytoplasmatischer 

Membran durch die Akkumulierung des isoprenoiden Elektronentransporters Ubiquinon-8. 

Insgesamt veranschaulicht diese Dissertation das Potential von nicht-zielgerichteten 

Metabolomikmethoden für großangelegte und datengesteuerte Untersuchungen in 

verschiedenen biologischen Forschungsfeldern.  
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Résumé 

Le métabolisme est fondamental pour tous les organismes connus en transformant les 

substances nutritives en composants essentiels et l’énergie nécessaire pour soutenir la vie. Le 

métabolisme cellulaire consiste d’un réseau de milliers de réactions chimiques entre des petites 

molécules appelées métabolites, la plupart catalysée par des enzymes. Des décennies de 

recherche biochimique et, récemment, le développement de méthodes de séquençage de 

génome, ont conduit à la caractérisation des réseaux métaboliques de nombreux organismes. 

Cependant, dans de nombreux organismes la fonction de plus de la moitié des gênes reste 

inconnue, et on estime que jusqu’à un tiers de ces gènes pourraient coder pour des enzymes 

métaboliques. En conséquence, même si la topologie des réseaux métaboliques est 

généralement bien connue, il est concevable qu’il existe un nombre important d’enzymes 

inconnues qui ne figurent pas dans les modèles actuels. Ces enzymes manquantes, ainsi que 

les mécanismes de régulation peu compris, limitent la capacité des modèles métaboliques 

d’analyser et contextualiser les données expérimentales et réduisent la précision de leurs 

prédictions.  

Dans cette thèse, une nouvelle approche a été développée pour la découverte systématique 

d’enzymes métaboliques. Elle se base sur l’incubation d’enzymes purifiées ou surexprimées 

dans un mélange complexe de métabolites, suivi par la détection d’évènements catalytiques par 

la spectrométrie de masse non-ciblée. Dans le 3ème Chapitre, le développement et la validation 

de cette méthode et son application a toutes les protéines de fonction inconnue dans la bactérie 

modèle Escherichia coli sont présentés. Cette étude menait à la découverte de plus de deux 

cents enzymes putatives dont douze étant caractérisées en plus de détail. En développant la 

méthode, nous nous sommes aperçus que plusieurs enzymes connues semblaient catalyser des 

réactions supplémentaires. Dans le 4ème Chapitre, nous avons étudié toutes enzymes 

métaboliques connues d’E. coli sur leur capabilité de catalyser davantage de réactions. En effet, 

pour plus de quatre cents enzymes des nouveaux substrats ou produits ont été observés, 

indiquant que ces enzymes ont des activités promiscuitives. L’exactitude de ces résultats est 

soutenue par la confirmation fonctionnelle de certaines enzymes choisies. Finalement, l’effet des 

enzymes multifonctionnelles sur le metabolisme a été étudié en utilisant une approche de 

modélisation numérique par contrainte, prédisant que la promiscuité enzymatique pourrait 

faciliter l’évolution d’E. coli envers l’utilisation de nouvelles substances nutritives en colonisant 

de nouveaux habitats.  

Malgré les enzymes manquantes, la topologie du réseau métabolique est suffisamment bien 

étudiée, tandis que la réponse métabolique aux perturbations génétiques ou environnementales 

est moins bien connue. Les méthodes de métabolomique non-ciblées sont instrumentales pour 

mesurer les concentrations d’un nombre important de métabolites, ainsi permettant un constat 

compréhensif et pour la plupart impartial du phénotype métabolique. Dans le 5ème et 6ème 

Chapitre, nous utilisons la métabolomique non-ciblée pour étudier les réponses de quinze 

organismes divers au stress hyper-osmotique comme modèle pour les perturbations 

environnementales complexes. Au-delà des réponses métaboliques globales inattendues 

impliquant la moitié du métabolome couvert, la métabolomique non-ciblée a mené à la 
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découverte d’un nouveau mécanisme osmoprotectif dans E. coli : La stabilisation de sa 

membrane cytoplasmique par l’accumulation de la molécule isoprénoïde et porteur d’électrons 

ubiquinone-8.  

Dans l’ensemble, cette thèse démontre le potentiel de la métabolomique non-ciblée pour 

des analyses à grande échelle et fondé sur les données dans des divers domaines de recherche 

biologique. 
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Structure and functions of cellular metabolism 

Metabolism is fundamental to all known organisms in transforming nutrients into building 

blocks and energy required to sustain life [1,2]. Cellular metabolism is organized as a network of 

biochemical reactions that interconvert small chemical molecules, so-called metabolites. Most 

metabolic reactions are accelerated by enzymes, a group of proteins that interact with particular 

metabolites, their substrates, and facilitate their conversion into other metabolites, their products. 

Generally, enzymes emerge from reactions chemically unchanged, making them in effect 

catalysts. The catalytic mechanisms of enzymes vary and can include favorable spatial 

orientation of substrate molecules (a process referred to as reactive conformation induction), 

straining of chemical bonds in the substrate to facilitate their cleavage (ground state 

destabilization), protection of highly reactive intermediates (transition state stabilization) or 

transfer of electrons or protons through quantum chemical tunneling [3]. Enzymes typically 

accelerate reactions by several orders of magnitude [1], thereby allowing otherwise slow 

reactions to proceed at physiologically relevant rates and enabling cells to regulate their 

activities [4].  

The global bow tie architecture of metabolism 

Although metabolic networks can comprise several thousand reactions and metabolites and 

thus may appear bewilderingly complex, their global architecture is modularly organized 

following simple principles that are largely dictated by the fundamental tasks metabolism needs 

to fulfill [5–9]. Most cells encounter variable and unpredictable environments, so their 

metabolism needs to be sufficiently versatile to assimilate a large number of different nutrients. 

To this end, cells contain an astonishing array of nutrient uptake and degradation pathways that 

are collectively referred to as catabolism. Moreover, cells need to synthetize a multitude of 

different biomolecules in order to replicate, for which they are equipped with a plethora of 

biosynthetic pathways together referred to as anabolism. To avoid connecting each individual 

catabolic pathway to all anabolic pathways, nutrients are ultimately funneled into a set of core 

metabolic reactions yielding a small number of versatile precursor metabolites as well as 

biochemically useful energy (e.g. in the form of adenosine triphosphate, ATP) and reduction 

equivalents (e.g. in the form of reduced nicotinamide adenine dinucleotide, NADH). It is from 

these precursors that anabolic pathways branch out, utilizing the catabolically generated energy 

to produce all cellular constituents. Csete and Doyle have likened this global architecture to a 

bow tie, with catabolism and anabolism forming the bow loops connected through central 

metabolism forming the bow knot [10–12] (Figure 1.1). The bow tie architecture of metabolism is 

comparable to the organization of supply chains underpinning modern economies [13], in which 

companies extract diverse natural resources and process them into energy, materials and 

platform products subsequently used by their customers to manufacture goods and provide 

services. Many other advanced anthropogenic networks, including the internet, power grids or 

hub-and-spoke airline route structures, are designed following similar principles to optimize 

tradeoffs between robustness, control and evolvability, properties that also apply to metabolism 

[9,14–16]. 
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Figure 1.1 | Bow tie architecture of cellular metabolism. A wide range of extracellular nutrients and energy 

sources are transported into the cell and converted by catabolic pathways into a small number of precursor 

molecules such as 2-oxoglutarate, pyruvate, acetyl-CoA or ribose 5-phosphate as well as into activated carriers 

of biochemically useful energy (such as ATP) or electrons (such as NADH). These precursors and carriers are 

then utilized by anabolic pathways to form elementary building blocks (such as amino acids or nucleotides), 

which are then used by general purpose polymerases (such as ribosomes or RNA polymerases) to assemble 

complex macromolecules (such as mRNA or proteins) in so-called trans-processes (such as transcription or 

translation). This nested bow tie architecture allows cells to control and coordinate a vast number of diverse 

metabolic tasks by regulating a manageable number of core processes at the bow knots. The illustration and 

key concepts are adapted from Csete and Doyle [10]. 

Metabolism coordinates responses to environmental cues 

Metabolic response to nutrient availability 

Because metabolism connects all biological processes by fueling them with energy and 

building blocks, the metabolic state of a cell, defined as the operating rates of all metabolic 

reactions (also referred to as metabolic fluxes) and the concentrations of all metabolites, is 

reciprocally affected by a multitude of cellular and environmental factors (Figure 1.2). Cells can 

sense their environments via different mechanisms [17]: For critical and frequently changing 

environmental parameters, cells dispose of so-called two-component systems consisting of 

membrane-bound sensors which, if activated, catalyze the phosphorylation-based activation of 

specific cytoplasmic regulators that initiate an adequate cellular response [18]. However, the 

expression of such dedicated two-component systems to sense all conceivable environmental 

parameters would be practically infeasible due to the limited cytoplasmic membrane area. This 

dilemma is epitomized in nutrient sensing: Most microbes are able to utilize hundreds of distinct 

nutrients as carbon, nitrogen, phosphorus and sulfur sources [19], amounting to thousands of 

combinatorically possible nutrient states. Consequently, cells have evolved more efficient 
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strategies: So-called one-component systems capitalize on the residual, or basal, expression of 

most catabolic pathways and uptake systems [20]. The presence of a nutrient leads to the 

accumulation of specific intermediates in its catabolic pathway, which in turn induces the 

expression of pathway enzymes in a positive feedback loop [21,22]. A textbook example of a 

one-component nutrient sensing scheme is the regulation of lactose utilization in E coli [23], and 

many other similar regulatory circuits have been reported [20]. 

Regardless by which mechanism the catabolism of available nutrients was activated, fluxes 

through less favorable or competing catabolic pathways need to be concomitantly reduced to 

allow an efficient allocation of resources [4]. One classical example of a regulatory mechanism 

achieving this is carbon catabolite repression [24], epitomized in the textbook example of the 

cyclic adenosine monophosphate (cAMP)-Crp system of Escherichia coli [25]. In presence of the 

favorable carbon and energy source glucose, it prevents the co-utilization of alternative sugars 

through transcriptional repression of their uptake and degradation pathways. Moreover, cells 

need to coordinate the catabolic supply of energy and precursors with anabolic demand [4,26–

29]. For example, the flux through most amino acid biosynthesis pathways in E. coli is locally 

controlled via feedback inhibition of their committed reactions by late intermediates or end 

products, either through allostery or product inhibition [30] or by dedicated transcriptional 

regulators [31,32]. In addition, amino acid biosynthesis is globally coordinated with catabolic 

activity and cell growth through cyclic adenosine monophosphate (cAMP)-mediated catabolite 

repression and the concentrations of 2-oxocarboxylic acids which are direct precursors of amino 

acids [33–35]. Another example is the need-based uptake of ammonium by E. coli unraveled by 

Hwa and coworkers, in which an integral feedback mechanism centered around 2-oxoglutarate 

activates the NH4
+ transporter AmtB only when the diffusion of gaseous NH3 through the 

cytoplasmic membrane is insufficient to meet anabolic demands [36].  

Metabolic response to environmental stresses 

In addition to nutrient availability, the metabolic state of a cell is sensitive to many other 

naturally experienced or artificial environmental cues, for instance accumulating toxins or 

changing physicochemical parameters such as temperature, salinity or redox potential [37]. 

Some of these perturbations directly affect metabolism, for example hydrogen peroxide 

inhibiting the glycolytic GAPDH enzyme in human cells and stimulating the production of 

antioxidants [38,39]. Another example is the inhibition of metabolic enzymes by toxins, for 

example of dihydrofolate reductase and dihydropteroate synthetase in Staphylococci and other 

bacteria by the two antibiotics trimethoprim and sulfamethoxazole [40]. Another well-

characterized example is the osmotic stress-induced accumulation of osmoprotectants such as 

trehalose in E. coli or glycerol in S. cerevisiae that allows cells to maintain a positive turgor 

pressure and stabilize cell membranes and proteins [41,42]. Moreover, metabolism provides the 

co-substrates for the post-translational modification of proteins (such as acetyl-CoA for protein 

acetylation or ATP for protein phosphorylation) and the encoding of epigenetic information (such 

as S-adenosylmethionine for DNA or histone methylation), leading to reciprocal cross-talk of 

metabolism with cellular signaling [43,44]. In fact, several important regulators, mediators and 

signals of stress response are metabolites [45–47], such as alarmones, a group of metabolites 

mostly consisting of unusual nucleotides such as (p)ppGpp [46,48], cyclic di-GMP [47,49] and 

ApnA [45,50] or cyclic esters such as N-acylated homoserine lactones [51] that regulate a plethora 
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of processes such as motility, biofilm formation, persistence or the stringent response. Thus, 

even perturbations not obviously related to metabolism can elicit unexpectedly strong and 

complex metabolic responses, for example by affecting cellular pools of redox and energy 

carriers and diverting these resources towards other biological processes. 

Beyond fueling cellular activities with energy and building blocks, metabolism thus emerges 

as a hub of cellular information that integrates environmental cues with intracellular signals to 

coordinate decisions in diverse processes such as nutrient utilization, proliferation or stress 

response [4,52]. To a large extent, this information is encoded in metabolite concentrations 

which affect the activities of cellular processes, either directly by binding to and modulating the 

activity of their targets or mediated by multi-layered regulatory networks [4]. Yet, although some 

regulatory circuits such as those mentioned above are reasonably well understood, many others 

remain unknown and are currently subject to intense investigations [4].  

 

 

Figure 1.2 | Natural and artificial environmental conditions affecting cellular metabolism. (a) Nutrient and 

energy scarcity reduce biosynthetic capabilities and may prevent cells from mounting appropriate defenses to 

perturbations. (b) Toxic compounds can disrupt bioenergetics, damage cellular structures and inhibit vital 

processes. (c) Global environmental parameters can reach critical values and inhibit various cellular processes. 

(d) The above-mentioned perturbations often manifest in an altered growth phenotype such as the reduction 

of growth rate (perturbations reducing the rates of cellular processes) or yield (perturbations requiring cells to 

invest resources into damage mitigation, or that cause futile cycling of energy carriers) or more complex effects 

(growth limited by the degradation rate of inhibiting compounds, accumulation of toxic intermediates).  
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Relevance of metabolism for medicine and biotechnology 

The ability of cellular metabolism to transform chemically simple compounds into 

astonishingly complex molecules under mild environmental conditions has long been exploited 

by humans. Since millennia, the yeast Saccharomyces cerevisiae, transforming the 

carbohydrates contained in fruits and seeds into ethanol and carbon dioxide, has been used to 

brew alcoholic beverages and to bake bread [53,54]. Similarly, microbial consortia of yeasts and 

bacteria have long been used to prepare fermented foods, including cheeses, yoghurt, 

sauerkraut or garum, a fish sauce used as a condiment in ancient Roman and Greek cuisines 

[53,54]. In 1928, Fleming discovered the antibiotic activity of Penicillium fungi which he was able 

to attribute to the ß-lactam penicillin, and soon after industrial production processes for diverse 

antibiotics involving various fungal species were developed [55,56]. Today, a broad diversity of 

secondary metabolites produced by and extracted from their native organisms, ranging from 

microbes to plants, are still being used as dietary supplements and drugs for human and animal 

use [57].  

Metabolic engineering for biotechnological applications 

With the advent of genome sequencing, a better understanding of the metabolic network 

topology and the development of recombinant DNA technology, researchers began to 

genetically modify strains to improve their productivity for industrial applications [58–60], 

sometimes combining rational methods with directed evolution [61]. Using an approach referred 

to as metabolic engineering, microbial strains have been genetically modified to produce diverse 

natural and non-natural compounds such as biofuels, polymers, platform chemicals, food and 

feed supplements such as amino acids or vitamins, and drugs, among others [62,63]. Initially, 

metabolic engineering mostly consisted of the overexpression of enzymes catalyzing desired 

reactions leading towards a product of interest and the concomitant genetic deletion of 

competing enzymes. Yet, results were often deceiving, not least because these simplistic 

approaches did not account for regulatory and compensatory mechanisms and neglected the 

effects of metabolic modifications in the context of an entire cell. Today, so-called systems 

metabolic engineering approaches additionally employ a number of methods to alter regulatory 

circuits, improve stress tolerance and adjust global cellular parameters such as redox cofactor 

balances or bioenergetics, thereby leading to better-performing and more robust strains [64,65]. 

The design of such integrated strategies is often facilitated by computational tools such as flux 

balance analysis [66], which are frequently used to predict promising engineering targets from 

in silico simulations aiming to optimize productivity [67–69]. Additionally, measuring undesired 

byproducts and accumulating toxic intermediates by metabolomics [70–72] as well as the 

experimental identification of bottleneck reactions by 13C-based metabolic flux analysis and 

tracer experiments [73,74] are staples of modern metabolic engineering toolboxes. Despite 

impressive successes, however, it becomes increasingly clear that a key limitation in metabolic 

engineering remains the incomplete understanding of the mechanisms regulating metabolic 

operation [65]. Characterizing regulatory interactions between metabolites, proteins, transcripts 

and genes makes them amenable to genetic modification, thereby promising to lead to more 

effective production strains as demonstrated by several recent examples [75–78]. Another 

limitation that is often overlooked or underestimated is that the metabolic networks at the core 
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of metabolic engineering might be incomplete. Consequently, the discovery of missing enzymes 

and metabolites will improve the accurate prediction of metabolic engineering targets, a 

seemingly trivial conclusion were it not formulated already two decades ago by Bailey, a pioneer 

of the field, highlighting the ongoing relevance and persistence of this problem [79].  

Roles of metabolism for human health and diseases 

Metabolism is also pivotal for human health and diseases. Some diseases are directly caused 

by so-called inborn errors of metabolism, a term coined 1908 by Garrod [80] referring to 

regulatory or structural mutations that impair the physiological function of metabolic enzymes. 

An example for these often Mendelian and monogenic diseases [81] is phenylketonuria, in which 

a mutation in the gene encoding hepatic phenylalanine hydroxylase converting L-phenylalanine 

to L-tyrosine renders the enzyme nonfunctional, leading to an accumulation of phenylalanine and 

phenylpyruvate and a lack of tyrosine, causing developmental disorders [82]. Another example 

is D-2-hydroxyglutaric acidurea in which mutations in genes encoding isocitrate dehydrogenase-

1 and -2 prevent the enzymes from converting isocitrate to 2-oxoglutarate, instead enabling them 

to convert 2-oxoglutarte to D-2-hydroxyglutarate which exerts toxic effects on the central 

nervous system and is implicated in cancer [83,84]. A final example is glycogen storage disease 

type I caused by a defect in glucose-6-phosphatase, leading to hypoglycemia and other severe 

pathologies [85]. Moreover, perturbed metabolic homeostasis is a key element of several 

complex diseases caused by an additive or epistatic combination of multiple genetic traits and 

environmental factors [81], such as diabetes [86,87] and, perhaps most critically, cancer. 

Cancerous cells have long been associated with a characteristic metabolic phenotype first 

described in 1924 by Warburg [88], being that cancer cells primarily utilize the glycolytic pathway 

for energy generation despite the availability of molecular oxygen, while normal differentiated 

cells instead use the more efficient process of mitochondrial oxidative phosphorylation [89,90]. 

Experiments in microbes suggest such overflow metabolism to result from changing bioenergetic 

demands of rapidly dividing cells [91], but whether this also applies to cancer cells remains 

unknown. Beyond the aggravating or even causal effects of disrupted metabolic homeostasis in 

numerous diseases, metabolism is also fundamental for the reciprocal regulation and correct 

function of numerous processes such as cell cycle progression [92], differentiation [93] and the 

clearance of reactive oxygen species [38]. A better understanding of how metabolism and its 

regulation are linked to normal cellular functions and diseases is therefore expected to facilitate 

the design of specific therapies.  

Methods to quantify and infer the metabolic state of a cell 

Metabolism is central to cellular function and important for human health, research and 

industry, hence a number of methods have been developed to quantify or estimate the 

abundance and activity of enzymes, metabolic fluxes as well as metabolite concentrations. In the 

field of systems biology [94], often so-called ‘omics techniques are used that enable the 

simultaneous quantitation of hundreds to thousands of molecular species, thereby providing a 

comprehensive assessment of the metabolic state. In addition, several experimental and 

computational tools have been developed to detect or infer interactions between cellular 
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components, since many metabolic properties emerge from the dynamic interactions of 

molecules.  

Methods to quantify enzyme abundance and activity 

The quantification of enzyme abundance can be performed by different biochemical or 

analytic methods. Often used due to their relative simplicity are Western blots, consisting of 

electrophoretic separation of cellular proteins, transfer to a membrane, staining of target proteins 

by specific antibodies and finally quantification using standards of known concentrations [95]. In 

situations where a large number of proteins have to be quantified, mass spectrometry-based 

proteomics typically is the method of choice [96,97]. Both Western blots and proteomics allow to 

distinguish different forms of post-translationally modified (e.g. phosphorylated [98] or acetylated 

[99]) proteins, which is important since these modifications can considerably affect enzyme 

activities. Alternatively, mRNA levels can be measured as proxy for protein abundance using 

DNA microarrays [100] or RNA-Seq [101]. In cases where high-resolution or real-time temporal 

data on protein expression is required, fluorescent reporter proteins can be used [102]. To 

quantify enzyme activities, the rate of conversion of substrates by cell lysates or purified enzymes 

can be measured by absorbance, fluorescence, bioluminescence or mass-spectrometric 

measurements [1,103,104], depending on the reaction of interest. 

Methods to infer in vivo reaction rates (metabolic fluxes) 

In vivo metabolic fluxes cannot simply be deduced from individual in vitro enzyme activities 

and abundances because they emerge from the dynamic and non-linear interplay between 

thermodynamics (mainly metabolite concentrations), regulatory interactions (e.g. allosteric, post-

translational or transcriptional) as well as the kinetic parameters (such as affinity constants for 

each substrate, maximal velocity, inhibition constants, cooperativity) of metabolic enzymes. To 

estimate metabolic fluxes, two approaches are commonly used. The first approach is flux balance 

analysis (FBA), in which fluxes are calculated based on the stoichiometry of the metabolic 

network assuming optimality criteria such as maximum growth yield, ATP yield or minimal sum 

of fluxes, depending on biological relevance [66]. By including additional information such as 

experimentally determined nutrient exchange rates [105], enzyme concentrations [106], 

regulation [107] or thermodynamics [108], the space of obtainable flux solutions can be further 

constrained. Major limitations of FBA are that the choice of an appropriate objective function can 

be difficult [16,109], and that it relies on assuming metabolic steady state, although workarounds 

have been developed that simulate temporal [110] or spatial [111] dynamics as sequential steady 

states. Nevertheless, its relative ease of use, computational efficiency and the possibility to infer 

fluxes throughout the metabolic network have promoted the application of FBA in various 

research disciplines [66,105].  

The second approach estimates metabolic fluxes from the propagation of stable isotopes 

(mainly 13C) through the metabolic network upon spiking cells with appropriately labeled 

substrates, a method also referred to as 13C-based metabolic flux analysis (13C-MFA) [73]. Because 

different pathways distinctly rearrange the atom backbones of labeled substrates, flux ratios of 

two converging pathways can be inferred from positional labeling patterns of downstream 

metabolites, which are usually determined by mass spectrometry [112] or nuclear magnetic 
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resonance spectroscopy [113]. Moreover, absolute fluxes can be calculated by measuring 

exchange rates and isotopomer concentrations over time. Two major types of 13C-MFA can be 

distinguished: stationary 13C-MFA, for which investigated systems need to be both in metabolic 

and isotopic steady state and in which fluxes are usually inferred from labeling patterns of 

protein-bound amino acids; and non-stationary 13C-MFA, which requires only metabolic steady 

state and in which pre-steady-state labeling dynamics are exploited to estimate fluxes. In addition 

to 13C-MFA, a number of alternative label-based methods to estimate metabolic fluxes or flux 

ratios are available, such as global isotopomer balancing [114] or non-stationary 13C-metabolic flux 

ratio analysis [115].  

Methods to measure metabolite concentrations 

The simultaneous quantification of a substantial number (a few dozens to thousands) of 

cellular metabolites is referred to as metabolomics [44]. Nuclear magnetic resonance 

spectroscopy [116] and mass spectrometry [117], often coupled to capillary electrophoresis, liquid 

or gas chromatography or ion mobility cells, are the main analytical platforms used in 

metabolomics due to their ability to distinguish and quantify chemically diverse small molecules. 

Because of the low abundance of many cellular metabolites, mass spectrometry today is the 

predominantly used detection method [44]. In mass spectrometry-based metabolomics, analytes 

are typically ionized using soft ionization techniques such as electrospray ionization to minimize 

in-source fragmentation and keep molecular ions intact. Resulting metabolite ions are either 

directly quantified or fragmented, mostly using collision-induced dissociation. Without 

fragmentation, ions can be annotated as metabolites based on their mass-to-charge (m/z) ratios, 

isotopic abundance ratios and, if applicable, their chromatographic or electrophoretic retention 

times or ion mobility [44,118]. In addition, fragmentation allows fragment ion spectra to be 

compared to reference spectra obtained from analytical standards or computational algorithms 

to further ascertain the chemical structure of an analyte [118,119]. To account for unpredictable 

technical biases such as matrix-related ion suppression, samples can be spiked with isotopically 

labeled standards (often uniformly 13C) to normalize the abundance of each analyte to that of its 

isotopomer [71].  

Conceptually, two types metabolomics approaches can be distinguished: Targeted 

metabolomics methods are designed to measure a list of metabolites specified by the 

investigator, for example intermediates of an engineered pathway or disease biomarkers (Figure 

1.3). Thus, targeted metabolomics approaches are typically employed to test specific hypothesis 

[37]. However, a priori selecting the most informative analytes can be challenging because even 

seemingly local perturbations (such as a mutation in an enzyme-coding gene) can elicit 

unexpectedly complex metabolic responses due to nonlinear interactions, regulation or 

unknown pathways. For example, Fuhrer and coworkers measured metabolite abundances in 

several E. coli enzyme deletion mutants and frequently observed metabolic responses distant 

from impaired reactions, such as the accumulation of nucleotides and amino acids in mutants of 

tpiA and pgi that both block upper glycolysis [72]. Therefore, the biological relevance of analytes 

to be quantified by targeted metabolomics has to be carefully validated to avoid obtaining overly 

simplistic results or being blind to actually relevant metabolic responses.  
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Nontargeted metabolomics (also termed metabolome profiling), in contrast, 

comprehensively measures as many metabolites as possible without pre-specification of 

analytes [37,44,120] (Figure 1.3). Rather, compounds eventually present in a sample are identified 

from NMR or mass spectra post-acquisition by comparing detected features with reference 

databases. In the case of mass spectrometry, these features typically include 

chromatographic/electrophoretic elution patterns as well as the accurate masses and isotopic 

ratios of molecular and fragment ions [121,122]. A special type of nontargeted metabolomics is 

imaging mass spectrometry which allows to measure spatial distributions of metabolites [123–

125]. Many classical so-called hyphenated nontargeted metabolomics platforms combine 

multiple analytical workflows to accurately extract, separate, identify and quantify a broad range 

of potential metabolites, utilizing both public and proprietary repositories of reference spectra 

for metabolite annotation [122,126,127]. This complexity, however, makes classical nontargeted 

metabolomics workflows expensive, slow, dependent on specific instrumentation and requiring 

complex normalization schemes to merge partial datasets into a single list of identified 

metabolites and their abundances [126].  

 

 

Figure 1.3 | Targeted versus nontargeted metabolomics. In targeted metabolomics, the analytic method is 

developed and optimized to measure a predefined set of metabolites. After method optimization, samples are 

analyzed and the concentrations of specified metabolites are determined, often to verify specific hypothesis. 

In contrast, in nontargeted metabolomics an analytic method is established with the goal to measure as many 

metabolites as possible. This is either achieved by combining multiple analytic platforms, or by omitting 

separation approaches to trade metabolite identifiability for throughput. In both cases, metabolites are 

identified post-analysis from the acquired spectral data, usually by comparing features such as accurate mass 

or isotopic abundance ratios with reference databases. Often, hypotheses are then generated from the 

resulting metabolite profiles using unsupervised or supervised statistical techniques. Differences between the 

two concepts are reviewed in detail by Patti and coworkers [44].  
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In recent years a number of high-throughput nontargeted metabolomics platforms have 

been developed that considerably facilitate and accelerate sample preparation and analytics 

[70,128]. Many of these methods use ultra-short ballistic chromatographic gradients or omit 

analyte separation entirely by instead using flow injection or acoustic deposition, thereby 

increasing throughput to hundreds or even thousands of samples per day, up from a few dozens 

in classical methods. A resulting tradeoff, however, is the confidence with which spectral features 

can be annotated as metabolites [129]. Only partial or lacking analyte separation leads to 

convoluted and overlapping mass spectra and amplifies matrix effects such as ion suppression, 

making it difficult to unambiguously assign fragment ion spectra to cognate metabolites. Other 

methods omit fragmentation entirely and solely rely on the accurate masses of assumed 

molecular ions for annotation, thereby making isobaric compounds undistinguishable [72]. Yet, 

for samples of which the expected metabolite content is reasonably well-understood, such as 

cellular extracts from model organisms, most ions map to a manageable three or fewer 

metabolites when using curated metabolic models for annotation [72,130,131].  

In practice, a lack of mechanistic understanding of the reciprocal links between metabolite 

concentrations and studied biological processes means that unambiguous metabolite 

identification by elaborated classical nontargeted metabolomics platforms usually does not 

provide a significant advantage in terms of biological insights compared to high-throughput 

methods. A notable exception are lipids, where the combination of multiple side chains and head 

groups results in numerous functionally distinct molecules with same mass, requiring dedicated 

so-called lipidomics methods for their analysis [132]. For most other applications, high-throughput 

metabolomics yields sufficiently accurate biological information which, particularly in 

combination with the statistical power resulting from large sample numbers, is well-suited for 

data-driven exploratory research. For this reason, in this thesis I use high-throughput 

nontargeted metabolomics for discovery-oriented screening projects and validate interesting 

metabolic responses by targeted follow-up experiments.  

Methods to identify molecular interactions 

Beyond measuring the abundances of molecules, it is crucial to determine their interactions, 

globally referred to as the interactome [133], which are essential to regulate cellular responses 

[134]. The arguably best-characterized regulatory layer is gene expression, which is controlled 

by regulatory proteins (transcription factors) that bind to specific DNA sequences termed 

promoters to activate or repress the transcription of particular genes. Several established 

techniques are available to systematically identify DNA-binding proteins such as transcription 

factors, for example chromatin immunoprecipitation combined with DNA microarrays (ChIP-Chip) 

[135] or sequencing (ChIP-Seq) [136], or systematic evolution of ligands by exponential 

enrichment (SELEX) [137]. Protein-protein interactions, which are relevant because many proteins 

perform their functions in complexes, can be identified in vivo using genetic methods such as 

yeast two-hybrid systems [138] or bimolecular fluorescence complementation [139]. Alternatively, 

several proteomics-based in vitro approaches are available that rely either on affinity-based co-

purification of native protein complexes [140] or on chemical cross-linking of interacting proteins 

[141], the latter approach additionally providing structural information.  
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Less well characterized are protein-metabolite interactions that, for example, allosterically 

regulate enzyme activities or affect DNA-binding of transcriptional regulators [142]. Nevertheless, 

several different methods for their identification have been developed that mostly fall into two 

broad categories: The first type of methods detect the binding event itself, for example by NMR 

[143,144], changes in protein stability towards enzymatic [145] or thermal [146] degradation or 

metabolite depletion or enrichment upon stoichiometric protein binding [147,148]. Although these 

methods have been successful in identifying numerous interactions between proteins and 

metabolites, the functionality of these interactions remains often unclear. The second type of 

methods, in contrast, identify interactions based on the functional changes they induce, for 

example by enzyme activity inhibition screens [149,150], covalent interactions between small 

molecules and enzymes [151,152], metabolite-induced changes in electrophoretic mobility shift 

assays of transcription factor-DNA complexes [153] or inferring functional interactions from 13C-

based metabolic labeling experiments using combined experimental-computational approaches 

[28,98,154]. Using all the above methods to comprehensively quantify the components of cellular 

metabolism and their interactions and integrating these measurements using a computational 

model is required to get closer to a complete picture of cellular metabolism [155,156].  

Charting accurate maps of metabolic networks 

In comparison to other biological networks, the topology of metabolic networks is relatively 

well characterized, most likely because it is governed by the fundamental laws of mass 

conservation and thermodynamics that constrain the feasibility of biochemical reactions. For 

example, a molecule of glucose cannot be directly converted into a molecule of glutamate, firstly 

because the latter compound contains a nitrogen atom the former lacks, and secondly because 

the simultaneous reshuffling of all chemical bonds would be energetically infeasible under 

physiological conditions. As early as in the 1930s Warburg, von Euler-Chelpin, Embden, Meyerhof 

and Parnas elucidated the central catabolic pathway of glycolysis [1], and the decades of 

biochemistry research that ensued have shed light on thousands of metabolic reactions in 

hundreds of organisms across the tree of life [157–159]. With the advent of genome sequencing 

technologies, researchers came to realize that the sequences of many genes encoding 

metabolic enzymes were highly similar between different organisms. This sequence similarity, or 

homology, was widely exploited to computationally assign functions to genes in thousands of 

species whose genomes had been sequenced, mostly using the Basic Local Alignment Search 

Tool (BLAST) of the National Center for Biotechnology Information (NCBI) [160,161]. Homology-

based gene annotation is generally deemed accurate, although the systematic lack of 

experimental confirmation probably has led to some misannotations, either because the 

similarity between sequences was not sufficient for an accurate function transfer or because the 

source sequence annotation was initially incorrect [162–166]. Nevertheless, comparing the 

metabolic enzymes encoded in the genomes of diverse organisms revealed many features of 

metabolism to be widely conserved [167–169], such as the global bow tie architecture [10], the 

pathways used for the biosynthesis of amino acids and nucleotides or core reactions of central 

catabolic pathways such as glycolysis. Conversely, other pathways were found to be confined to 

a limited number of species, for example the Calvin cycle in CO2-fixing organisms or the 

pathways producing bioactive secondary metabolites such as antibiotics in plants and fungi. 
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Such genome-derived lists of reactions and metabolites ultimately provide essential information 

to chart maps of metabolism, with nodes representing metabolites and edges representing 

biochemical reactions [170]. 

In the late 1990s, maps of metabolism that hitherto used to be mere graphical 

representations of reaction networks were first comprehensively described by a generalizable 

mathematical formalism. In a seminal study, Edwards and Palsson derived a list of metabolic 

enzymes from the genome of Haemophilus influenza Rd, the first completely sequenced free-

living microbial organism, and condensed the stoichiometric coefficients of all catalyzed 

reactions into a single matrix [171]. Under several assumptions and constraints, they used the 

resulting model to calculate global rates of metabolic reactions that collectively reflected the 

integrated operational state of metabolism. Such genome-scale constraint-based models can 

nowadays be largely automatically derived from complete genome sequences and have been 

used to investigate and predict gene essentiality, synthetic lethality, biotechnological production 

strategies, drug targets or the metabolic phenotypes associated with health and diseases 

[105,172–175]. Moreover, these models allow the systematic integration and contextualization of 

different types of large-scale, or ‘omics, data sets, thereby enabling computational analyses and 

simulations of interconnected biological systems and their emerging properties [176,177]. 

Exploring remaining uncharted metabolic territory 

Orphan and putative enzymes – the known unknowns  

The success of metabolic models and the ease with which they can be generated and 

manipulated even for experimentally intractable organisms have dented efforts to further explore 

remaining unknown parts of metabolism. Yet, despite all previous research, for many observed 

biochemical reactions the enzymes responsible for their catalysis remain unknown [178–181]. A 

thorough analysis of the database curated by the International Union of Biochemistry and 

Molecular Biology’s Enzyme Commission [182], the authority on enzyme definition and 

nomenclature, by Vitkup and co-workers in 2007 found that over 1,300 of the 4,000 listed 

enzyme activities had not a single gene assigned in major repositories, amounting to a fraction 

of 34% of so-called orphan enzymes [183]. Almost a decade later, today still 1,000 of the now 

5,000 listed reactions remain orphan [184], highlighting the difficulty and persistence of the 

orphan enzyme problem. Moreover, although the absolute number of orphan enzymes has 

decreased, most recently annotated reactions were only putatively characterized by 

computational predictions and still lack experimental confirmation [181,185]. Despite being 

included in current metabolic models, orphan enzymes remain experimentally intractable, 

thereby complicating the practical implementation of theoretical predictions. Nevertheless, the 

recognized existence of orphan enzymes in principle constitutes a handle that should ultimately 

enable their annotation, given the commitment and resources to conduct appropriately targeted 

investigations. 
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Metabolic dark matter 

A much grander challenge pose enzymes and metabolites whose very existence remains 

unknown, and that hence are not accounted for by current metabolic models (Figure 1.4). 

Routinely, nontargeted metabolomics analyses aiming to detect and quantitate as many 

metabolites as possible yield signals that strongly hint at novel compounds not included even in 

large generic databases such as PubChem hosted by the NCBI currently listing about 80 million 

molecules [186]. It is unclear how many metabolites this so-called metabolic dark matter 

comprises even in simple model organisms, but state-of-the-art nontargeted metabolomics 

approaches can typically annotate fewer than 10% of detected features while covering more than 

50% of the known metabolome [70,187–189], suggesting their number to be not negligible. 

Although some of these non-annotated features may correspond to abiotic artifacts, others are 

clearly of biological origin as judged by their characteristic responses to biological stimuli such 

as isotopic labeling experiments [74,190,191]. A recent study that exhaustively simulated 

theoretically feasible reactions of known metabolites concluded that current databases might 

underestimate the number of existing metabolites by up to 50-fold [192]. Presumably, many 

currently unknown metabolites are low-abundant or chemically unstable which would explain 

why they have remained undiscovered, yet this does not imply they are biologically irrelevant. 

Many low concentrated metabolites confer immediate advantages to their producing organisms, 

for example secondary metabolites that function as chelating agents facilitating the uptake of 

metal ions, antibiotics providing protection against competitors, signaling molecules for inter-

species communication or enzyme cofactors enabling the catalysis of delicate reactions [193]. 

Other unknown metabolites might, in contrast, be useless or even toxic modifications of 

otherwise useful metabolites, such as the metabolite 2-hydroxyglutarate accidentally formed 

from the Krebs cycle intermediate and transamination cofactor 2-oxoglutarate that is implicated 

in several human pathologies [84,194,195]. Consequently, the identification of missing 

metabolites is expected to improve our understanding of metabolism and how it integrates with 

other biological processes.  

Unknown, promiscuous and moonlighting enzymes 

A question following immediately from the existence of missing metabolites pertains to their 

origin. Some missing metabolites may result from non-enzymatic reactions, which seems 

plausible given the density and diversity of highly reactive compounds and the presence of 

inorganic catalysts such as metal ions in the cytoplasm [196,197]. Another possibility is that 

unknown metabolites are the products of enzymatic reactions catalyzed by proteins encoded by 

functionally uncharacterized genes. Even for well-studied model organisms such as the bacteria 

E. coli and Bacillus subtilis, the baker’s yeast S. cerevisiae and humans (Homo sapiens) 

themselves, the biological functions of 30-50% of genes remain entirely unknown, and 

phylogenetic analyses suggest that up to one third of these genes may encode metabolic 

enzymes [183,184,198–200]. Indeed, studies assigning enzymatic functions to functionally 

uncharacterized proteins are published on a regular basis. For instance, the riboneogenic 

pathway in S. cerevisiae uncoupling ribose 5-phosphate formation required for nucleotide 

biosynthesis from reduced nicotinamide adenine dinucleotide phosphate (NADPH) generation 

was only discovered in 2011 [201], and since 2010 more than twenty novel enzymes were 
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experimentally characterized in E. coli [202–208], including an entire catabolic pathway termed 

sulphoglycolysis [209]. 

 

 

Figure 1.4 | Explored and unexplored regions of metabolic networks. Metabolic networks, consisting of 

metabolites interconverted by mostly enzyme-catalyzed reactions, are generally well-characterized. Yet, in all 

species so-called orphan reactions exist that are known to occur but for which the enzymes catalyzing them 

remain elusive. Moreover, experimental and computational evidence suggests that several reactions and 

metabolites might exist that are currently unknown. Discovering these unknown parts of metabolism will 

improve the quality of metabolic models, thereby facilitating their use as tools for data interpretation and the 

accuracy of their predictions.  

 

Another source of yet undiscovered metabolic reactions are proteins that, in addition to their 

known cellular functions, have so-called moonlighting enzymatic activities, a phenomenon also 

referred to as gene sharing [210–213]. The first moonlighting protein was reported by Piatigorsky 

and co-workers in 1988 who discovered that δ-crystallin, the major eye lense structural protein 

in birds, additionally catalyzes the argininosuccinate lyase reaction [214]. Since then, more than 

one hundred instances of protein moonlighting have been observed across diverse species and 

curated in the MoonProt database [215], including signaling kinases, cytokines and protein 

chaperones implicated in human diseases. A special case of moonlighting is enzyme promiscuity, 

referring to enzymes catalyzing multiple reactions [216–219]. Although metabolic enzymes were 

long assumed to be quite specific, a growing body of literature now suggests that most of them 

might catalyze additional reactions. A recent analysis found that one third of the metabolic 

enzymes in different species catalyzed multiple reactions [220], demonstrating this phenomenon 

to be generally relevant. Enzymes in central metabolic pathways tend to be specialized, likely 

because this facilitates the regulation of core metabolic fluxes and because of the evolutionary 

trade-offs between high catalytic efficiency and catalytic versatility [220]. Enzymes in secondary 

metabolism, in contrast, are more likely to be promiscuous [219,221], possibly because their 
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specialization would not confer a fitness advantage or because their promiscuity actually 

increases fitness by enabling the catalysis of multiple reactions at low protein costs. Together, 

identifying missing metabolic reactions catalyzed by functionally uncharacterized and 

moonlighting proteins as well as by promiscuous enzymes is a prerequisite to further expand 

and refine the topologies of metabolic networks, as well as for their utilization as analytical and 

predictive tools in systems biology research. 

Methods for enzyme discovery and functional genomics  

Identifying the functions of genes and encoded gene products is a central task in biology 

that makes genetic information amenable to biological interpretation [222]. Historically, many 

genes have been functionally annotated by studies focusing on the characterization of the 

biological processes in which they happened to be involved. Yet, the accumulating wealth of 

available genome sequence data has spawned numerous computational and experimental 

methods explicitly designed for functional gene annotation in a research field adequately termed 

functional genomics [223]. These methods can be divided in two groups based on the adopted 

concept of annotation. The first group of methods aim to annotate genes by comparing their 

molecular or functional properties with those of genes that are already annotated, assuming that 

similar properties reflect similar function. The second group of methods, in contrast, attempt to 

perform annotations ab initio by directly screening gene products for properties related to their 

function. Although uncharacterized gene products also include functional ribonucleic acids 

(RNAs) with catalytic or regulatory activities [224], most functional genomics approaches focus 

on characterizing genes encoding proteins as their structure-activity relationship is generally 

better understood.  

Comparative functional genomics approaches 

The most widely used approaches in the first group of functional genomics methods are 

based on the aforementioned concept of sequence homology and assume that genes or 

proteins having a significant nucleotide or amino acid sequence similarity execute the same 

biological functions [160,161]. A variant of this approach termed structural genomics compares 

the three-dimensional structures of proteins, assuming that structural similarity implies functional 

similarity [225–227]. While in general structure-based methods can be more accurate [228], they 

are less frequently used than sequence-based methods because high-quality structures are 

often unavailable and difficult to predict from sequences, and because of the prohibitive 

computational effort and specialist skills required. Generally, homology-based approaches are 

sufficiently accurate to correctly annotate genes when sequences are at least 70% similar [165], 

yet several cases have been reported were proteins performed different biological functions 

despite high similarity [162–166]. For this reason, many modern computational approaches for 

gene annotation combine sequence or structure homology with additional information 

[207,229–232]. An orthogonal type of information that is commonly used for bacteria is the 

genomic neighborhood, or context, of an unknown gene, which capitalizes on the fact that genes 

undergoing fusion events, having a conserved order, being part of an operon or co-occurring in 

different species tend to be functionally related [233–236]. Recently, Zhao and coworkers 
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developed a method that combines three-dimensional structure homology with gene context 

[207], and Plata and coworkers described an algorithm that integrates sequence homology and 

gene context using Gibbs random sampling [230]. Other types of information that have been 

used and combined to predict gene functions include protein-protein interactions [237–239], 

gene co-expression [235,240,241], synthetic lethality [242,243] and text mining [231,244], 

thereby adding empirical observations to sequence and structure data. An emblematic example 

is the STRING database [231] that aggregates these and other information to functional 

interaction networks, allowing to annotate uncharacterized proteins via the concept of guilt by 

association. However, regardless of the algorithms and data used, all above approaches have 

the caveat of being predicated on some molecular or functional similarity to previously annotated 

proteins. Yet, many genes and proteins exist that have no functionally characterized homologs 

and for which only ambiguous experimental evidence is available [199,245], preventing their 

annotation. 

Ab initio functional genomics approaches with a focus on enzyme discovery 

The second group of functional genomics methods aims at the systematic annotation of 

genes lacking characterized homologs and conclusive empirical links to annotated counterparts. 

Instead of inferring their function from annotated genes with similar properties, these methods 

directly probe the gene products, usually proteins, for particular biological roles or activities using 

computational or experimental screening methods. Such methods have been developed for 

different types of gene products, for example affinity assays to identify regulatory kinases [246], 

chromatin immunoprecipitation assays combined with transcriptomics to discover DNA-binding 

proteins [136], or phenotypic assays measuring colony size or respiratory activity to identify 

genes affecting cell growth under particular environmental conditions [247]. Most relevant for 

this thesis are methods to designed discover metabolic enzymes, which usually exploit the ability 

of enzymes to specifically bind substrate molecules or their catalytic activities. A computational 

approach of the first type is in silico molecular docking in which large libraries of small molecules 

are computationally fitted into putative active sites of proteins to identify likely substrates 

[207,248]. In addition, many of the aforementioned methods to detect protein-metabolite 

interactions can be used to identify substrates and products of putative enzymes. However, 

enzyme-substrate binding events may not always be catalytic, and thus eventually identified 

interactions required subsequent validation.  

Other methods, in contrast, detect actual catalytic events. One such approach is activity-

based protein profiling [249,250], developed by Cravatt and coworkers, that identifies enzymes 

that covalently bind to immobilized substrate analogs using proteomics, a method that can also 

be used to discover enzyme inhibitors [151,251] as well as signaling proteins [246]. Another 

approach is to screen purified candidate proteins for their ability to convert their substrates in a 

biochemical reaction. To facilitate detection, early methods used artificial reporter substrates or 

coupled reactions that generate an optical signal (e.g. change in absorbance, fluorescence 

intensity, luminescence or turbidity) to indicate enzymatic activity [1,103]. Three common 

examples are ortho-nitrophenyl-ß-D-galactopyranoside which is converted by ß-galactosidases 

into galactose and yellow-colored ortho-nitrophenol; 5-bromo-4-chloro-3-indolyl-ß-D-

galactopyranoside which is also converted by ß-galactosidases into galactose and 5-bromo-4-

chloro-3-hydroxyindole, the latter spontaneously dimerizing and oxidizing yielding the blue dye 
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5,5'-dibromo-4,4'-dichloro-indigo; and the coupling of various reactions of interest to an NAD+-

dependent oxidoreductase acting on the reaction product, thereby concomitantly forming NADH 

with a characteristic absorbance at a wavelength of 340 nm [1,103]. Yet, the limited availability of 

suitable reporter substrates, the questionable biological relevance of their conversion as well as 

the specific readout enabling to monitor only one reaction per assay prevent such approaches 

to be systematically applied to detect diverse reactions in a large number of enzymes.  

Nowadays, modern approaches exploit the multi-parametric readout of mass spectrometry-

based metabolomics to simultaneously monitor the conversion of dozens of natural metabolites 

following their incubation with purified proteins, an approach termed activity-based metabolic 

profiling (ABMP) [104,252]. For example, Saito and coworkers incubated twenty-five 

uncharacterized E. coli proteins in commercially available yeast extract and monitored metabolite 

conversion using capillary electrophoresis mass spectrometry, identifying the proteins YbhA and 

YbiV as phosphatases and phosphotransferases [206]. Similarly, de Carvalho and coworkers 

screened the Rv1248c protein of Mycobacterium tuberculosis using the metabolome extract of 

the related bacterium M. bovis as a substrate source, identifying Rv1248c as a 2-hydroxy-3-

oxoadipate synthase. Several variations of this approach have been reported and extensively 

reviewed by Prosser and coworkers [252], yet none of the previously published methods 

overcame the tradeoff between broad metabolite coverage and the high throughput necessary 

to screen proteome-scale numbers of candidate proteins. In particular, the long chromatographic 

gradients of the used metabolomics methods (in the range of 30-60 minutes, including column 

regeneration) usually prevented the analysis of a large number of proteins. Moreover, the 

employed metabolomics methods were rarely able to detected more than hundred metabolites, 

thereby leaving much of the potential of metabolomics for massive parallel reactant discovery 

untapped.  
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Thesis outline 

In the first part of this thesis, I provide an overview of key concepts of metabolism and 

approaches for its analysis. In the general introduction (Chapter 1), I summarize the current 

knowledge on the cellular roles of metabolism, metabolic network topology, metabolic 

regulation, the role of metabolism for human health and industry as well as available methods to 

analyze and further explore metabolism. In Chapter 2, we review recent advances in 

nontargeted metabolomics approaches and their contributions to obtaining biological insights in 

diverse research areas from functional genomics to human health. We conclude that, despite the 

availability of powerful analytical methods to detect and quantify large portions of the 

metabolome, the model-assisted interpretation of complex metabolite data remains a major 

bottleneck that has so far prevented researchers from tapping into the full potential of 

nontargeted metabolomics. 

In the second part of this thesis, I develop and apply nontargeted metabolomics approaches 

for enzyme discovery to refine our knowledge of the metabolic network topology and enzyme 

function in E. coli. In Chapter 3, I describe the development of a novel approach to experimentally 

test proteins for enzymatic activity. The approach is based on incubating purified proteins in 

complex metabolite mixtures and identifying depleting and accumulating compounds diagnostic 

for enzymatic activity by nontargeted mass spectrometry. Using this approach, we screened all 

uncharacterized proteins of E. coli and discovered 241 putative novel enzymes, twelve of which 

we validated in subsequent follow-up experiments. In Chapter 4, I report the improvement of the 

enzyme discovery method described above to provide dynamic information about substrate 

depletion and product formation by putative enzymes. We applied this method to screen all 

known metabolic enzymes of E. coli for promiscuous catalytic activities, discovering novel 

reactions for 495 enzymes, many of which affecting unknown metabolites. Moreover, using a 

computational model we found that these promiscuous enzymes likely contributed to metabolic 

evolvability.  

In the third part of this thesis, I explore the potential of nontargeted metabolomics for data-

driven hypothesis generation in the context of cellular stress response. In Chapter 5, we 

challenged E. coli with hyperosmotic salt stress, unravelling not only responses of numerous 

metabolites in diverse pathways but also a novel role of the respiratory electron carrier and 

isoprenoid ubiquinone-8 in stabilizing the cytoplasmic membrane. In Chapter 6, we investigated 

the generalizability of the metabolic responses we observed in salt-stressed E. coli. To that end, 

we exposed cells of fifteen diverse species, including bacteria, yeasts and human cell lines, to 

sustained salt stress and measured their global metabolic responses. We observed that most 

metabolic responses were predominantly species-specific, but that individual metabolites and 

pathways were characteristically affected depending on the species’ salt tolerance or taxonomic 

classification, thereby providing a glimpse on the ecological and evolutionary determinants of 

salt tolerance. 

In the final part of this thesis (Chapter 7), I summarize the key findings of this work and 

discuss their implications for further research into the systems biology of metabolism. I provide 

an outlook on the opportunities to build on the results of this thesis, and suggest possible studies 
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that could utilize the developed concepts and tools to further elucidate the topologies of 

metabolic networks, their regulation and their responses to perturbations. 

Own studies not included in this thesis 

Besides the studies constituting this thesis, I was main contributor to four additional research 

projects. (*) denotes equal contribution.  

� Fuhrer T*, Zampieri M*, Sévin DC*, Sauer U and Zamboni N. Genome-wide landscape of 

gene-metabolome associations in Escherichia coli. (manuscript under revision). We 

systematically explored the global metabolic responses caused by the deletion of 

individual genes in E. coli. The resulting data set maps the metabolic phenotype, consisting 

of over 7,000 relative intracellular metabolite ion concentrations, of over 3,800 single-

gene deletion mutants, revealing a hitherto unknown landscape of direct and long-range 

gene-metabolite interactions beyond the metabolic network topology. In addition to 

representing a unique resource to study the links between genotype and phenotype, this 

data set represents a tool to interpret complex metabolomics data by connecting observed 

changes in metabolite levels, for instance in response to environmental perturbations, to 

functionally connected genes via shared metabolic responses of their deletion mutants. I 

contributed to the design, performance and analysis of experiments to validate gene 

function predictions and demonstrate the use of the gene-metabolite matrix as tool for 

metabolomics data interpretation. 

� Sévin DC*, Schmitz J* and Sauer U. Proteome-scale enzyme discovery in Saccharomyces 

cerevisiae by nontargeted metabolomics. (ongoing). We applied the activity-based 

enzyme discovery approach developed in this thesis to screen the entire proteome of S. 

cerevisiae for enzymatic activity. In line with our observations in E. coli, the preliminary data 

suggest numerous functionally uncharacterized proteins to have enzymatic activity and 

reveals a considerably degree of promiscuity among known enzymes. Moreover, the data 

also indicate that several proteins with non-enzymatic functions may moonlight as 

metabolic enzymes. I designed the project, employed and supervised the student and 

analyzed the data. 

� Sévin DC*, Fuhrer T*, Schulz-Schönhagen K*, Severin Y and Sauer U. Unravelling the 

phylogenetic determinants shaping the metabolome. (ongoing). We experimentally 

determined the metabolomes of 79 diverse microbial species to investigate the 

relationship between phylogeny and metabolome similarity, as well as to obtain insights 

into conserved and species-specific features of metabolism. I designed the project, 

employed and supervised the students and analyzed the data. 

� Sévin DC*, Özcan A*, Salzmann S and Sauer U. Global metabolic responses of Escherichia 

coli to twenty environmental perturbations. (ongoing). We compared the global 

metabolic responses of E. coli to various environmental perturbations, including nutrient 

starvations and exposure to natural and bioprocess-related toxins. I designed the project, 

employed and supervised the students and analyzed the data. 
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Contributions to collaborative projects (selection) 

In addition to the studies constituting this thesis, I contributed to several international 

collaborations in various research areas, a selection of which is listed below. (*) denotes equal 

contribution.  

� Meinhardt MW*, Sévin DC*, Klee ML, Dieter D, Sauer U and Sommer WH. The 

neurometabolic fingerprint of excessive alcohol drinking. (published 2014 in 

Neuropsychopharmacology [253]). We measured the global metabolic phenotype of 

cerebral tissue extracted from different brain regions of a rat model of alcohol addiction, 

revealing metabolite responses reflective of an animal’s drinking history and suggesting 

novel pathophysiological mechanisms. I designed and performed nontargeted 

metabolomics measurements and analyzed the data. 

� Biscaro Pedrolli D, Kühm C, Sévin DC, Vockenhuber MP, Sauer U, Suess B and Mack M. A 

dual control mechanism synchronizes riboflavin and sulphur metabolism in Bacillus 

subtilis. (published 2015 in P.N.A.S. [254]). We characterized the role of the regulatory 

protein RibR in overriding the riboswitches controlling riboflavin biosynthesis in B. subtilis, 

which serves to couple the utilization of different sulphur sources to riboflavin metabolism. 

I designed and performed nontargeted metabolomics measurements and analyzed the 

data. 

� Basan M*, Zhu M*, Dai X, Warren M, Sévin DC, Wang Y-P and Hwa T. Inflating bacterial 

cells by increased protein synthesis. (published 2015 in Molecular Systems Biology [255]). 

We discovered a novel role of protein synthesis in cell division control. I contributed 

software and techniques for confocal microscopy and image analysis.  

� Peleg S, Feller C, Forne I, Schiller E, Sévin DC, Schauer T, Regnard C, Straub T, Prestel M, 

Klima C, Schmitt Nogueira M, Becker L, Klopstock T, Sauer U, Becker PB, Imhof A and 

Ladurner AG. Life span extension by targeting a link between metabolism and histone 

acetylation in Drosophila. (published 2016 in EMBO reports [256]). We discovered an 

intriguing connection between metabolic activity and ageing in D. melanogaster, mediated 

by differential levels of acetyl-coenzyme A impinging on the histone acetylation pattern 

and thereby altering the transcriptome. I designed and performed targeted and 

nontargeted metabolomics measurements and analyzed the data. 

� Ponomarova O, Sévin DC, Mülleder M, Zirngibl K, Bulyha K, Sauer U, Ralser M and Patil KR. 

Yeast creates a stable niche for symbiotic lactic acid bacteria through nitrogen 

overflow. (manuscript in preparation). We combined constraint-based modeling with 

nontargeted and targeted metabolomics to identify and quantify essential cross-feeding in 

a two-species microbial community model. I designed and performed targeted and 

nontargeted metabolomics measurements and analyzed the data. 

� Martinez de Pablo S, Najera EY, Sévin DC, Llunch Senar M, Sauer U and Serrano L. 

[preliminary author list] Systems modeling of Mycoplasma pneumoniae by integrating 

different ‘omics data. (manuscript in preparation). We integrated transcriptomics, 

proteomics and metabolomics data to parametrize a computational model of M. 

pneumoniae, the causative agent of pneumonia. I designed and performed targeted and 

nontargeted metabolomics measurements and analyzed the data. 
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Abstract 

Metabolomics is increasingly employed to investigate metabolism and its reciprocal 

crosstalk with cellular signaling and regulation. In recent years, several nontargeted 

metabolomics methods providing substantial metabolome coverage have been developed. 

Here, we review and compare the contributions of traditional targeted and nontargeted 

metabolomics in advancing different research areas ranging from biotechnology to human 

health. Although some studies demonstrated the power of nontargeted profiling in generating 

unexpected and yet highly important insights, we found that most mechanistic links were still 

revealed by hypothesis-driven targeted methods. Novel computational approaches for formal 

interpretation of complex metabolic patterns and integration of complementary molecular layers 

are required to tap the full potential of nontargeted metabolomics for data-driven, discovery-

oriented research and rapidly nucleating novel biological insights. 
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Introduction 

Beyond catalyzing extensive mass and energy transformations to sustain cellular activities, 

metabolism is also a major source of cellular information that integrates environmental cues with 

intracellular signals to coordinate decisions in processes such as nutrient utilization, signaling or 

differentiation [4,43,257]. This dual role has revived a metabolic focus in disciplines ranging from 

microbiology to cancer research. A key quantity for both mass and information transfer are 

metabolite concentrations that are diagnostic for many factors impinging on metabolic activity 

such as metabolic fluxes, enzyme activities and cellular regulation [4,43].  

Methods to determine metabolite levels are collectively referred to as metabolomics, a 

rapidly progressing field [258]. Starting from more traditional “targeted” methods designed for 

routine quantification of typically less than 200 predefined metabolites, there is a surge of 

“nontargeted” methods that potentially quantify thousands of metabolites (Figure 2.1), 

depending on chosen instrumentation and extraction method but not on a priori selection [259]. 

Such global and data-driven discovery approaches can complement targeted methods by 

pinpointing novel targets for more focused and quantitative follow up experiments, but typically 

yield complex data patterns that are not easily amenable to intuitive interpretation. Nevertheless, 

when supported by formal computational methods for efficient hypothesis generation, 

nontargeted metabolomics holds promise to transform metabolic research much the same way 

that RNA sequencing has transformed transcriptome research in complementing DNA 

microarrays [260]. Here, we review recent metabolomics applications in the fields of 

biotechnology, microbial interactions, functional genomics and health, and critically discuss the 

contribution and potential of nontargeted approaches in obtaining biological insight.  

Biotechnology 

In biotechnology the focus is often on engineering and characterizing specific metabolic 

pathways, hence targeted metabolomics remains the preferred strategy. Beyond monitoring 

product and byproduct titers, targeted methods were used to identify bottlenecks in biosynthetic 

pathways [261,262], optimise fermentation media compositions [263], detect toxic intra- or 

extracellular metabolites [75,264] or identify redox, energy and cofactor imbalances [265–267] 

in engineered production strains. Since differential levels of pathway intermediates alone often 

do not provide conclusive information, the most informative insights were obtained by combining 

targeted metabolomics with complementary experiments or computational methods. A 

particularly fruitful follow-up are stable isotope tracing flux experiments [268] to ascertain the 

functional role of differential metabolites [265,269]. Another elegant combination is targeted 

metabolomics with proteomics as was demonstrated for optimization of isopentenol production. 

Inverse correlation of 3-hydroxy-3-methylglutaryl-CoA synthase with the concentration of the 

unwanted side product acetate and positive correlation of mevalonate kinase with isopentenol 

levels accurately suggested that both enzymes limited productivity [261]. Increased use of such 

integrative approaches will improve and speed up decoding functional roles of differential 

metabolite levels to identify limiting reactions and account for regulatory events [270]. 



Biological insights through nontargeted metabolomics 

32 

Nontargeted approaches are being increasingly used to obtain a more global view on the 

still somewhat unpredictable cellular adaptations to metabolic engineering interventions [271]. 

Recent applications pinpointed limiting reactions in production pathways by detecting 

accumulating intermediates [272], systematically evaluated nutrient requirements of production 

strains [269,273–275] or investigated the effect of toxic inhibitors to identify engineering targets 

for improved stress tolerance [276]. Since metabolic effects were typically widespread and 

complex, the most successful studies used multivariate statistics and dimensionality reduction 

techniques to identify key metabolites. An improved feeding strategy and higher yields of the 

macrolide product FK506, for example, have been achieved by identifying productivity-limiting 

nutrients in Streptomyces tsukubaensis by principal component analysis [273]. To separate 

causal metabolic effects on productivity from spurious alterations, biotechnological applications 

would also profit from more sophisticated computational approaches that are more common in 

other disciplines [277], such as network-based methods [278]. A yet unexplored but promising 

approach is nontargeted high-throughput metabolomics [258] to systematically screen large 

mutant libraries for desirable phenotypes that go beyond product yields, thereby enabling better-

informed clone selection and reducing drop-out rates in subsequent validation experiments. As 

the number of samples increases, more powerful statistical and computational approaches can 

be used to unveil small but meaningful metabolic interactions that together could hint towards 

novel and unexpected engineering targets. 

Microbial interactions 

In industry and nature alike, microbes continuously face non-optimal and dynamically 

changing environments. Because cellular adaptation must occur on short time scales, many 

stress mechanisms are rooted in metabolism. Consequently, metabolomics has been extensively 

used to study microbial responses to osmotic [279], temperature [280,281], oxidative [280] or 

acid stress [282]. Also bioprocess-specific stress responses to the toxic chemicals furfural and 

phenol [276,283,284] and the biofuels ethanol and butanol [285,286] were investigated. These 

metabolic stress responses are dauntingly complex and extend far beyond accumulation of 

stress-alleviating metabolites or degradation/export of stress-causing compounds. In some 

cases about half of the detected metabolites responded to the stress [279,283], and even 

seemingly related stresses led to distinct metabolic responses [283,285]. Furthermore, specific 

stress responses may be confounded by the cellular physiological state [280], which in turn 

affects the metabolome. Typically, further pursued and experimentally validated hypotheses 

were based on only few strongly responding and biochemically related metabolites, possibly 

suggesting that much functional insight into microbial stress responses may still remain hidden 

in published metabolomics data sets. In addition to even broader nontargeted metabolomics 

experiments covering multiple species and multiple stresses, modern computational methods 

[287] are pivotal to inferring specific mechanism to, for example, guide engineering of stress-

tolerant strains [282,288,289]. 

Besides sensing and responding to abiotic stimuli, microbes also exchange signals, nutrients 

or toxic compounds amongst each other and with their hosts [290]. A community attracting much 

attention is the gut microbiome because of its influence on human nutrition, health and disease 
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[291–294]. Metabolic profiling of different host tissues [295] or easily accessible body fluids such 

as blood plasma or urine are starting to give us a glimpse on the dimension and penetration of 

this metabolic handshake [296,297]. While investigating autism in a mouse model, oral treatment 

with the human commensal Bacteroides fragilis was found to ameliorate behavioral 

abnormalities and alter levels of up to 34% of detected serum metabolites. In particular, 3-

ethylphenylsulfate levels that accumulated in mice having the disease were reduced to control 

levels by B. fragilis treatment, and conversely systemic administration of 3-ethylphenylsulfate 

induced anxiety-like behavior, demonstrating a causal link between gut microbiome, host plasma 

metabolome and psychopathology [298].  

The discovery of metabolic mechanisms underlying microbiome-host interactions was so far 

mainly driven by simple uni- or multivariate statistics that identified the most clear metabolic 

effects for validation experiments. Consequently, the majority of metabolic changes were 

neglected. In the future, network-based computational approaches [278,299,300] should be 

used for functional interpretation of global metabolic changes. Furthermore, novel nontargeted 

techniques are necessary to identify the constituents and chart the topology of combined 

microbiome-host meta-metabolic networks. To this end, stable isotope labeling strategies are 

crucial to separate microbiome-derived from host compounds. In a promising study, 13C/15N-

threonine was injected into mice and the label incorporation into gut bacteria was traced with a 

combination of spatially resolved mass spectrometry and fluorescence in situ hybridization [301]. 

Further developing labeling-based nontargeted metabolite tracing holds promise to decipher 

the complex metabolic microbiome-host interactions. 

Functional genomics and mGWAS 

The increasing availability of completely sequenced genomes is contrasted with the large 

fraction of genes with still unknown function. Metabolomics has helped to characterize particular 

metabolic activities of orphan genes, annotate orphan metabolic functions and discover novel 

metabolic pathways (reviewed in detail in [302]). Targeted methods validated specific 

computational hypotheses on potential enzymatic activities [303] or characterized individual 

reactions within pathways [304–306]. The broad coverage of nontargeted approaches 

supported the discovery of unexpected enzymatic functions by activity-based metabolic profiling 

[307] or comparative metabolomics [201,308]. The most important biological insights such as 

production of the antimicrobial metabolite itaconitate by Irg1 in mammalian macrophages [308] 

or identification of sedoheptulose-1,7-bisphosphatase in riboneogenesis [201] were facilitated 

because only few metabolite concentrations changed. Beyond the typical focus on single genes 

or pathways, so far only one large-scale metabolomics study attempted more holistic functional 

annotation by screening ten selected metabolites in 8000 bacterial mutants, identifying 7 genes 

with previously unknown or wrongly annotated enzymatic or transport functions [120]. Essentially 

all the above studies relied on manual hypothesis generation to design the labor-intensive 

follow-up experiments. Given that throughput and coverage of metabolomics are steadily 

increasing, the ability to automatically predict enzymatic functions from high-dimensional 

metabolomics datasets through computational methods is the looming bottleneck for large-

scale, metabolomics-driven functional genomics screens. 
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Figure 2.1 | Use and applications of nontargeted metabolomics. (a) Publications in Medline applying different 

‘omics technologies, as indicated in titles and abstracts. The share of nontargeted approaches among all 

metabolomics studies is shown in the inset. Boxed numbers indicate the total number of Medline publications 

returned by the literature search. (b) Nontargeted metabolomics publications since 2011, classified by study 

type (stacked horizontal bar) and, for application-focused studies, by research area (pie chart). Research areas 

covered in this review are highlighted in color. Medline publication statistics were retrieved on 24.08.2014 

from http://dan.corlan.net/medline-trend.html. 

 

While classical functional genomics approaches aim at characterizing individual gene 

functions, metabolomic genome-wide association studies (mGWAS) identify functional 

relationships between several genetic variations within a population through metabolic 

alterations. Traditionally, GWAS linked rare genetic variants to complex traits such as diseases, 
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but the ability to identify mechanistic links and to predict disease risk was weak. Hence GWAS 

with intermediate traits such as metabolites, transcripts, and proteins became increasingly 

popular [309]. In particular mGWAS employing nontargeted metabolomics have been highly 

successful in causally linking genes with metabolic functions through metabolic traits in human 

blood or urine [310,311]. For example, the thus far most comprehensive mGWAS was able to 

identify biochemical links for 101 out of 145 independent loci which explained the heritability of 

metabolic traits in human serum with up to 62% [311]. In cases where metabolic and complex trait 

loci overlap, mGWAS provided useful insights into molecular mechanisms potentially causing 

those phenotypes, e.g. the involvement of N-acetyltransferase 8 in impaired compound 

detoxification in chronic kidney disease [310]. Nevertheless, mGWAS in humans often lack 

validation of predicted mechanisms, and the relevance of metabolic traits in bodyfluids as 

readout for perturbed molecular mechanisms in other tissues often remains unclear. Hence, 

mGWAS in model organisms are important to validate metabolic loci by genetic modifications 

and to identify direct mechanistic links between genotype and tissue-specific metabolic traits 

[312,313]. Another, not yet exploited route is to upgrade the acquired data by systematic 

interpretation within whole organism metabolic models [314].  

Health and disease 

Since many diseases and health disorders are caused by altered metabolism, metabolomics 

is increasingly employed in biomedical research, for example in biomarker discovery. While 

traditional biomarkers often consist of single molecular features, the broad coverage of 

nontargeted metabolomics methods enables the discovery of biomarker signatures consisting 

of multiple metabolites, potentially enabling more sensitive and specific detection of several 

disorders such as cancer [315,316]. However, except for biomarkers of inborn metabolic defects, 

none of the putative metabolic biomarker signatures were yet translated to clinics. Key problems 

for assessing the diagnostic capacity in clinical applications include non-standardized study 

design and biomarker selection together with missing sensitivity and specificity measures for 

putative biomarkers [315,316]. Therefore, standardization of metabolic biomarker discovery and 

a better mechanistic understanding of typically complex metabolic signatures are crucial to fulfil 

the statistical and regulatory needs in clinics. 

Metabolic interactions between host and pathogens play a crucial role in many if not all 

infectious diseases. Since pathogens depend on host nutrients and in some cases even actively 

reprogram host metabolism, metabolism is a potential therapeutic target. Novel biological 

insights were so far generated through targeted metabolomics that focused on understanding 

the essentiality of metabolic pathways for pathogen growth in the host environment [317], 

reprogramming of host metabolism upon infection [318], metabolic mechanisms involved in 

antibiotic resistance [319] or helping to discover novel drug targets [318,320]. Although current 

nontargeted approaches often merely describe metabolic adaptations to infection, they have the 

potential to generate novel hypotheses that would be beyond targeted approaches. An example 

is increased metabolic plasticity through derepression of secondary metabolism in antibiotic-

resistant colonies as a potential mechanism to escape antibiotic treatment for bacterial 

populations [321]. The obvious next challenge is to develop methods that allow to investigate 
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metabolism of both host and pathogens in vivo under infectious conditions [322]. Integration of 

computational modelling with dynamic stable isotope labelling strategies or with complementary 

“omics” datasets are promising venues to investigate such complex interactions.  

One of the most developed application areas of metabolomics in health science is cancer. 

Cancer cell metabolism sustains high proliferation rates, even under limited nutrient and oxygen 

availability in their tumor microenvironment [323]. Many nontargeted metabolomics studies 

described differences between cancer and healthy tissue that could eventually lead to new 

biomarkers [316]. In exceptional cases, nontargeted methods supported the discovery of 

metabolic mechanisms involved in tumor development, such as the role of fructose 1,6-

bisphosphatase in clear cell renal cell carcinoma progression [324]. Nevertheless, akin to 

infectious diseases, novel mechanistic insights were primarily achieved through targeted 

metabolomics [325–328]. In a landmark study, Jain and coworkers investigated the differences 

in secretion and uptake rates of over 200 targeted metabolites in NCI-60 cancer cell lines and 

discovered an increasing essentiality of glycine utilization with proliferation rate, proposing 

glycine metabolism as a selective drug target for aggressive cancer cells [325]. This example 

demonstrated the potential of target metabolomics for understanding metabolic mechanisms 

underlying diseases. Discovery of the unexpected oncometabolite 2-hydroxyglutarate, in 

contrast, was possible only through nontargeted metabolomics [329]. Since cancer cells often 

switch their metabolic behavior in the tumor microenvironment [330], novel sampling techniques 

and more sensitive analytical methods will be necessary to assess the in vivo situation of such 

complex systems. 

Conclusions and outlook 

Nontargeted metabolomics has so far been limited by three bottlenecks (Figure 2.2). First, 

metabolome coverage and analytical throughput used to limit what could be observed, but 

current methods address both issues well [258]. Second, systematic identification of metabolites 

based on mass spectra is crucial [331], although some annotation ambiguity is acceptable in 

return for broad coverage and short measurement times. Recent advances in predicting in silico 

fragmentation patterns [332] and expanding databases and algorithms for annotation based on 

accurate mass matching [333] are key advances into this direction by reproducibly detecting 

large numbers of metabolites with sufficient confidence for discovery-based approaches. The 

third, and in our opinion most important, bottleneck remains data interpretation and hypothesis 

generation. 

Nontargeted metabolomics is increasingly being used in diverse research fields (Figure 2.1) 

but still lags behind targeted studies in generating mechanistic insights. This discrepancy 

primarily reflects study design because targeted methods often focus on narrow questions to 

test specific hypotheses. Nontargeted metabolomics was typically successful in identifying 

molecular mechanisms when reasoning-based hypothesis formulation was facilitated through 

only few specifically responding metabolites [201,279,298,308]. Since most widespread 

metabolic patterns of nontargeted studies are more challenging to interpret, more holistic and 
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systematic approaches are required to derive functional insights, beyond the current standard 

of univariate or simple multivariate statistical analyses to reduce dimensionality.  

Where applicable, exploiting the largely known metabolic network structure is a key element 

for biological interpretation. A major challenge remains the cryptic relation between metabolite 

concentrations and metabolic fluxes. Existing network-based approaches face different 

challenges in utilizing nontargeted metabolomics data: Constraint-based modeling requires 

absolute metabolite quantities, kinetic models suffer from the explosion of unknown parameters 

and scale poorly, and graphical models are effective only with dense metabolome coverage. 

Potential solutions are, for example, using relative metabolite changes as additional constraints 

for dynamic flux balance analysis, or condensing networks into modules that are amenable to 

kinetic modeling. Where metabolite levels alone are not sufficient to decipher response 

mechanisms, network-based analysis approaches can accommodate the integration of 

orthogonal data such as transcript or protein levels to facilitate hypothesis generation. We 

anticipate the development of novel data interpretation methods to become a major driving force 

in the field. As the transition from statistical analysis to integrative network-based approaches 

progresses, we expect nontargeted metabolomics to further live up to its potential to provide 

important biological insight. 

 

 

Figure 2.2 | Bottlenecks in nontargeted metabolomics that limit biological insights. Although improving 

analytical technologies is desirable, even the potential of currently available methods is not fully exploited, and 

thus better analytics will not automatically generate more insight. This is partly due to difficulties in spectral 

processing and metabolite annotation, but mainly to lacking algorithms to systematically interpret complex 

metabolic changes and derive meaningful hypotheses about underlying functional mechanisms.  
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Abstract 

Many yet undiscovered enzymes still limit our understanding of metabolism. Here, we 

develop a high-throughput metabolomics approach to comprehensively profile proteome-scale 

protein collections for in vitro enzymatic activity. Overexpressed or purified proteins are 

incubated in a concentrated metabolome extract containing hundreds of biologically relevant 

candidate substrates. Accumulating or depleting metabolite ions are then identified using 

nontargeted metabolomics. Upon extensive method validation, a screen of 1’275 functionally 

uncharacterized Escherichia coli proteins revealed 241 potential novel enzymes. Combining 

chemometrics and database approaches we systematically assigned catalyzed reactions, and 

experimentally validated the activities of twelve diverse novel enzymes, including the long-

elusive multispecific cytidine monophosphate nucleosidase PpnN (YgdH) and the two fumarases 

FumD (YdhZ) and FumE (YggD), that together catalyze 29 metabolic reactions. Thus, we establish 

high-throughput nontargeted in vitro metabolomics as a versatile approach for proteome-scale 

enzyme discovery and expand the known metabolic network of E. coli. 
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Introduction 

Twenty years after sequencing of the first genome, 30 – 50% of the gene sequences listed 

in public databases still await functional annotation (Figure 3.1) [183,184,198–200]. Fueled by 

rapid advances in sequencing technology that by far outpace experimental gene annotation, the 

number of functionally uncharacterized genes is projected to increase even further [183]. Many 

functionally uncharacterized genes have only low sequence similarity to genes encoding 

proteins with known biological function and consequently cannot be annotated by homology-

based approaches [165,166]. Nevertheless, ample evidence suggests that uncharacterized 

genes are likely to encode functionally relevant proteins [200,334]. For instance, over 70% of the 

encoded uncharacterized proteins can be grouped into families that are phylogenetically 

conserved [200,245], implying function-imposed evolutionary constraints. Hence, novel 

approaches are needed to identify the functions of non-annotated genes and make 

accumulating genome sequence data accessible to biological interpretation. 

A considerable fraction of non-annotated genes can be expected to encode metabolic 

enzymes, for instance because currently one quarter of all known biochemical reactions with 

assigned Enzyme Commission (EC) [182] numbers have not yet been linked to any specific gene 

product [178–181]. The annotation of genes encoding such “orphan” enzymes is expected to 

improve the effectiveness of metabolic engineering strategies and to enhance the predictive 

quality of genome-scale metabolic reconstructions [37,199,335–337]. Consequently, the 

discovery of missing enzymes has been approached by various computational and experimental 

methods [104,120,206,207,229,230,250,252,338–341]. One approach that provides direct 

experimental evidence is activity-based metabolic profiling, which consists of incubating purified 

proteins in a mixture of candidate substrates and monitoring metabolite conversion as reporter 

of enzymatic activity [252]. Despite appealing conceptual simplicity, the scope of previous 

implementations was considerably limited by either coverage or scalability of the employed 

analytical techniques. Methods based on chromatography- or electrophoresis-coupled mass 

spectrometry, able to detect dozens of potential reactants in a single measurement, provided 

insufficient throughput to screen large protein cohorts for enzymatic activity [205,206]. 

Conversely, approaches employing biochemical readouts to detect particular reaction types, 

such as dephosphorylations [202], were able to screen more proteins but by design focused on 

detecting only specific enzyme classes. Furthermore, the use of commercially available substrate 

mixtures [202] or technical-grade metabolite extracts [340] precluded the identification of 

reactions involving commercially unavailable, sensitive or yet undiscovered compounds. Finally, 

the requirement for purified soluble proteins made membrane-localized or unstable enzymes 

inherently difficult to discover. 

Here we develop a nontargeted metabolomics approach that combines high throughput with 

broad coverage for activity-based proteome-scale enzyme discovery. Purified or overexpressed 

proteins are incubated in a metabolome extract derived from growing cells containing hundreds 

of chemically diverse and biologically relevant candidate substrates. Accumulating or depleting 

metabolite ions are subsequently detected by flow injection coupled to nontargeted mass 

spectrometry [70,72]. This method is generally applicable to any purified protein or crude cell 

lysate of its overexpression host, and allows to screen 200 proteins per working day in 
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experimental pentuplicates. We demonstrate the potential of our method by screening 1,275 

functionally uncharacterized E. coli proteins and the cell lysates of their overexpression strains, 

leading to the identification of numerous novel metabolic enzymes with diverse biochemical 

activities. 

 

 

Figure 3.1 | Current genome annotation status of various model organisms. (a) Map of the E. coli MG1655 

chromosome. The outer and inner rings represent the forward (in clockwise sense of replication) and 

complementary strand, respectively. Mapped genes are colored according to their annotation status, with 

32.6% of the genes having unknown functions. (b) Fraction of genes with unknown or unclear function in 

various model organisms, classified by key word search. Genes and their annotations were retrieved from the 

KEGG database [158]. n indicates the total number of genes in the genome of the respective organisms. 

Results 

Enzyme discovery by nontargeted in vitro metabolomics 

The basic principle of our method is the incubation of purified proteins or cell lysates with 

one overexpressed protein in a metabolite cocktail, followed by mass-spectrometric 

identification of metabolites with changing abundance (Figure 3.2a). A key element is a cocktail 

of chemically diverse yet biologically relevant compounds as candidate substrates for enzymatic 

reactions. For lack of commercial availability and because metabolite mixtures such as yeast 

extract are depleted for unstable but potentially relevant compounds, we prepared a 

concentrated E. coli metabolome extract under conditions that would largely preserve natural 

metabolic diversity. Specifically, we cultivated E. coli BW25113 in two separate aerobic 

fermentations with either defined glucose minimal medium or complex amino acid/glycerol 

medium and extracted soluble metabolites (Figure 3.2a). Subsequently, the two extracts were 

pooled to increase metabolite diversity and adjusted to approximately 0.1-fold of the in vivo E. 

coli metabolome concentration (Supplementary Figure 3.1). Since in vivo substrate 
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concentrations often exceed the KM values of their cognate enzymes more than tenfold [342], 

this concentration is sufficient to assure detectable activity of most enzymes. Using flow injection 

time-of-flight mass spectrometry [72], we detected 4,720 mass-to-charge features (ions) in the 

pooled extracts, 777 of which were annotated as 962 unique metabolites based on matching 

their accurate masses with sum formulas of compounds in the Kyoto Encyclopedia of Genes and 

Genomes (KEGG) E. coli metabolite database (Supplementary Online Tables 3.1 and 3.2) [158]. 

This represents a potential metabolome coverage of up to 36% (Supplementary Figure 3.2), with 

the inherent limitation that isobaric compounds cannot be distinguished [72]. 

 

 

Figure 3.2 | Enzyme discovery by nontargeted metabolomics. (a) Experimental setup. Purified proteins or the 

lysate of their overexpression strains were incubated in a cocktail consisting of concentrated E. coli 

metabolome extracts and general enzyme cofactors. To identify enzymatic reactions, differential metabolite 

ions were detected by nontargeted flow injection mass spectrometry [72]. (b) Abundance of the metabolite ion 

m/z 323.029 annotated as uridine 5’-monophosphate (UMP). A Z-score cutoff of 5.0 was determined to identify 

changes due to enzymatic reactions. Pentuplicate assays of uridine kinase (Udk), a known enzyme producing 

UMP, and the two uncharacterized proteins YgdH and YgjP predicted (and later confirmed) to enzymatically 

act on UMP, are highlighted. Horizontal lines between pentuplicate values represent their means. Datasets of 

pure enzyme and cell lysate assays are distinguished by coloring. 

 

To obtain purified proteins, we grew individual strains of a genome-wide E. coli protein 

expression library (the ASKA collection [343]) in 96-well plates, lysed the cells and purified 

overexpressed proteins using 96-well format His-tag technology (Figure 3.2a, Supplementary 

Online Table 3.3). Since purification of active enzyme forms is not guaranteed in all cases, we 

also assayed cell lysates of the expression strains. Purified proteins or cell lysates were 

incubated in the metabolite cocktail for 30 min at 22° C to allow for potential enzyme catalysis 

(Figure 3.2a). Accumulated or depleted compounds were detected by nontargeted flow injection 

time-of-flight mass spectrometry [72], a method that fulfills two important requirements: i) 

detection of hundreds of chemically diverse metabolites, required for comprehensive enzyme 



Chapter 3 

45 

activity profiling; and ii) short measurement times of only one minute per injection, enabling the 

screening of 200 proteins in pentuplicates within a single day. 

Method validation and screen of 1,275 uncharacterized proteins 

To screen 1,275 uncharacterized E. coli proteins for enzymatic activity, each protein was 

assayed in purified form and in the crude lysate of its overexpression strain in pentuplicates. To 

validate our method, we included 189 known enzymes that represent the distribution of reaction 

mechanisms and biological pathways of all E. coli enzymes. The resulting dataset is an 

abundance matrix of 4,720 detected metabolite ions in 14,670 assays. We excluded poorly 

growing strains with a harvest optical density below 0.5 and purified proteins below 50 µg/mL 

from further analyses. After correcting for instrument drift and filtering of spurious systematic and 

technical errors (Supplementary Figure 3.3), Z-score standardization was applied to quantify the 

abundance of each ion in a given enzyme assay relative to its abundance and standard deviation 

across all other assays. The data are exemplarily visualized in Figure 3.2b for the ion m/z 

323.029 annotated as uridine 5’-monophosphate (UMP). As expected, this ion accumulated 

strongly in the uridine kinase control assay. Additionally, UMP was considerably depleted in the 

assay of YgdH, a conserved protein of unknown function, and accumulated in the assay of YgjP, 

a predicted metal-dependent hydrolase, suggesting that YgdH and YgjP are novel UMP-

consuming and UMP-forming enzymes, respectively. 

To systematically separate enzymatic activity-based ion responses from random artifacts, we 

determined an empirical Z-score cutoff based on the 189 known enzymes in our dataset. 

Specifically, we first removed all interactions with an absolute Z-score < 2 to exclude reactions 

that were obviously not catalyzed, and subsequently determined the Z-score at which the 

product of true-positive rate (defined as the recovered fraction of known enzyme-reactant pairs) 

and precision (defined as the ratio of known to unknown recovered enzyme-reactant pairs) was 

maximal (Figure 3.3a). Based on this procedure, we defined metabolite ions with Z-score < -5 

and Z-score > 5 as potential reaction substrates and product, respectively. At this cutoff, the 

false-positive rates for pure enzyme assays and cell lysate assays were 5.8% and 1.5% at true-

positive rates of 74.6% and 41.6%, respectively (Figure 3.3a). As expected, known enzyme-

reactant pairs were better recovered by pure enzyme assays than by cell lysate assays, as 

judged by the areas under the receiver operating characteristic curves of 0.89 for pure enzyme 

and 0.79 for cell lysate assays (Figure 3.3a). For most known enzymes we were unable to detect 

any reactants, for example because the proteins were part of obligate heteromultimeric 

complexes or not expressed or inactive, reactants were not present in our metabolite cocktail or 

concentrations were too close to thermodynamic equilibrium to allow detectable concentration 

changes (Figure 3.3b). Nevertheless, for 34 known enzymes we detected differential metabolite 

ions passing the stringent Z-score cutoff, representing a net recovery rate of 18%. For four 

enzymes only unknown reactants, for eight enzymes both known and unknown reactants, and 

for 22 enzymes only known reactants were detected (Figure 3.3b and Supplementary Online 

Table 3.4), demonstrating that our method was successful in assigning correct reactants to 88% 

of the enzymes with detectable differential metabolite ions. Among the 30 correctly recovered 

enzymes, six were detected only by pure enzyme assays, eleven only by cell lysate assays and 

13 by both assays (Figure 3.3c), indicating that the two assay types are complementary with a 

notable overlap. For nine enzymes we detected both substrates and products, and either of the 
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two for the remaining enzymes (Figure 3.3d). The distributions of EC numbers and metabolic 

pathway categories assigned to the recovered enzymes matched the distributions of all enzymes 

in E. coli (Figure 3.3e and f), indicating that our method can detect enzymes with different 

catalytic mechanisms and diverse biological roles without strong bias. A notable exception are 

isomerization reactions that cannot be detected because they do not involve mass shifts 

between substrates and products. In summary, we demonstrate that our metabolomics method 

has the potential to discover mechanistically diverse enzymes with various biological functions. 

 

 

Figure 3.3 | Method validation with 189 known metabolic enzymes. (a) Empirical Z-score cutoff determination 

based on 189 known enzymes included in the screen. A |Z-score| of 5.0 at which the product of true-positive 

rate and precision was maximal for both assays was determined as optimal cutoff. The inset shows the receiver 

operating curves of the Z-scores in both assays, the areas under the curves (AUC) and the true-positive and 

false-positive rates at the Z-score cutoff. (b) Recovery analysis of known enzymes after applying the Z-score 

cutoff, both assays combined. (c) Correctly (at least one known reactant) recovered known enzymes, by assay. 

(d) Correctly recovered enzymes, by change direction of recovered reactants. (e) Histogram of Enzyme 

Commission (EC) numbers associated with correctly recovered enzymes. (f) Histogram of metabolic functions 

(based on KEGG pathway definitions [158]) associated with correctly recovered enzymes. 
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Discovery of novel enzymes and assignment of catalyzed reactions 

For 241 of the 1,275 functionally uncharacterized proteins at least one metabolite ion passed 

the stringent |Z-score| > 5.0 cutoff (Supplementary Online Data Sets 3.1 and 3.2), providing 

evidence for enzymatic activity (Figure 3.4 and Figure 3.5a and Supplementary Online Table 

3.5). We excluded presumably unspecific metabolite ions that were affected by more than five 

putative enzymes to focus on the most characteristic interactions. Most of the 241 putative 

enzymes appeared to be specific as they affected only few metabolite ions, but 15 enzymes 

caused changes in more than five ions, suggesting they might catalyze multiple reactions 

(Supplementary Figure 3.4). The annotated differential metabolites were chemically diverse and 

included amino acids, nucleotides, carbohydrates and vitamins (Figure 3.5b), indicating wide-

spread metabolic functions of putative enzymes. 

 

 

Figure 3.4 | Nontargeted metabolomics reveals numerous novel enzymes in E. coli. Network representation 

of 485 detected associations between 241 functionally uncharacterized proteins and 258 metabolite ions with 

an absolute Z-score > 5 representing predicted enzyme-reactant pairs. Associations detected by pure enzyme 

assays and cell lysate assays were combined. The underlying data are provided in Supplementary Online 

Table 3.5. 
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Annotated differential metabolite ions were tentative starting points to assign metabolic 

reactions. To identify substrate-product pairs of reactions, we used a relaxed Z-score cutoff such 

that reactant pairs consisting of at least one high-confidence metabolite ion (|Z-score| > 5) and at 

most one lower-confidence metabolite ion (3 < |Z-score| < 5) could be obtained. For each putative 

enzyme, we then matched all combinations of annotated substrate and product metabolites with 

the KEGG main reactant pair database[158] that lists pairs of compounds known to participate in 

common reactions. In total, 40 known reactant pairs associated with nine putative enzymes 

(Supplementary Online Table 3.6). For example, we predicted (and later confirmed) YgdH to 

convert UMP to uracil, as both metabolites form the KEGG reactant pair rp:RP01202 part of the 

reaction EC 2.4.2.9. 

To identify reactant pairs not listed in the KEGG database, we additionally computed the 

molecular similarity between all possible substrate-product pairs of each enzyme using the 

graph-based SIMCOMP2 algorithm[344,345]. High molecular similarity can suggest possible 

reactant pairs because most enzymes perform only minor modifications to the chemical 

backbones of their substrates, and indeed known substrate-product pairs were strongly enriched 

for highly similar compounds (Supplementary Figure 3.5). In total, 133 similarity-based potential 

reactant pairs associated with 23 putative enzymes were identified (Supplementary Online 

Table 3.7). For example, we predicted (and later confirmed) YbiC to convert 2-oxoglutarate to 2-

hydroxyglutarate as both compounds have a molecular similarity of 91%. As a separate approach, 

we matched the mass differences among all possible substrate and product ions with a list of 

mass differences associated with known reactions (Supplementary Figure 3.6). In total, we 

thereby discovered 63 mass difference-based potential reactant pairs associated with 15 

putative enzymes (Supplementary Online Table 3.8). The advantage of this approach is that it 

is also applicable to the numerous non-annotated differential ions. For example, we predicted 

YgjP, a novel uridine 5’-triphosphate pyrophosphatase, to additionally dephosphorylate an 

unknown metabolite with m/z 427.020 yielding an also unknown metabolite with m/z 347.051 

because the m/z difference is consistent with the loss of one phosphate group. Importantly, this 

allows our dataset to be easily revisited to rapidly identify enzymes acting on newly annotated 

metabolites. Reassuringly, our three reaction prediction approaches provide notable overlapping 

results (Figure 3.5c), increasing confidence for the postulated reactions.  

In summary, our screen identified 241 functionally uncharacterized proteins as putative 

metabolic enzymes. For 183 of these reaction identification will have to await improved 

metabolite annotation within our dataset in the future. For 33 putative enzymes we identified 

annotated metabolite ions but were unable to detect potential reaction partners, providing 

valuable starting points for further enzyme identification. Finally, for 25 predicted enzymes we 

were able to postulate substrate-product pairs and hence reaction mechanisms that can be 

readily validated (Figure 3.5d).  
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Figure 3.5 | Systematic assignment of biochemical reactions to putative novel enzymes. (a) Zoom into the 

associations detected for the YbiC protein in Figure 3.4, visualizing potential ambiguity of accurate-mass 

based metabolite annotation. To systematically identify reactant pairs among hit metabolites, three 

approaches were used: i) identification of known reactant pairs consisting of two hit metabolites of opposing 

change direction (Supplementary Online Table 3.6); ii) identification of hit metabolites of opposing change 

direction with high molecular similarity (Supplementary Online Table 3.7); and iii) identification of hit ions of 

opposing change direction with a mass difference corresponding to known biochemical transformations 

(Supplementary Online Table 3.8). All three approaches independently identified the reactant pairs 

[phenylpyruvate � phenyllactate] and [2-oxoglutarate � 2-hydroxyglutarate], thus predicting YbiC to be a 

multispecific 2-hydroxycarboxylic acid dehydrogenase, which we confirmed in subsequent validation 

experiments. Because for many putative enzymes only reactants of one change direction were detected, the 

Z-score cutoff for at most one member of each putative reactant pair was relaxed to 3. (b) Chemical 

classifications of annotated hit metabolite ions. (c) Overlap of the three reactant pair prediction approaches. 

Numbers indicate putative novel enzymes with predicted reactant pairs. (d) Summary of available evidence for 

the 241 putative enzymes. 
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Experimental validation of twelve novel enzymes 

To verify our reaction predictions, we selected sixteen diverse enzymes for which the 

reaction substrates were commercially available. C-terminally His6-tagged proteins [343] were 

purified by TALON affinity chromatography with elution by an imidazole gradient, followed by 

anion exchange chromatography with elution by a NaCl gradient. Purified proteins were then 

incubated with predicted pure substrates and reaction progression was monitored by mass 

spectrometry. For four out of the sixteen putative enzymes we were unable to confirm predicted 

activities, likely reflecting the inherent uncertainty in assigning reactions based on ambiguously 

annotated ions. For example, we predicted YbiO to be a dehydrogenase using succinate as 

electron acceptor and forming fumarate, but were unable to identify the complementary redox 

pair among a panel of various tested compounds. Similarly, we predicted the conserved protein 

YeaH to be a glutamate-dependent transaminase producing 2-oxoglutarate, but were unable to 

identify its co-substrate(s) despite testing its activity with a number of 2-ketoacids. Finally, we 

predicted the conserved protein YcaR of the UPF0434 family to be a CTP or OTP-dependent 

kinase, but were again unable to identify its co-substrate(s) among a panel of various tested 

compounds.  

The remaining twelve cases were found to catalyze 29 unique metabolic reactions (Figure 

3.6, Table 3.1 and Supplementary Figures 3.7 to 3.18). The conserved protein YaiE catalyzes 

phosphorolysis of various nucleosides into D-ribose 1-phosphate and nucleobases. YbdH 

catalyzes the NADPH-dependent reduction of 2-oxobutanoate and 2-oxoglutarate, yielding 2-

hydroxybutanoate and 2-hydroxyglutarate, respectively. Similarly, YbiC catalyzes the NAD(P)H-

dependent reduction of several 2-ketocarboxylic acids into 2-hydroxycarboxylic acids, including 

the reduction of 2-oxoglutarate to 2-hydroxyglutarate. YdbC catalyzes the NAD(P)H-dependent 

reduction of pyridoxal to pyridoxine, a form of vitamin B6. YdhZ and YggD are isoenzymes of the 

fumarate hydratases FumA, FumB and FumC in the Krebs cycle. YfbT and YniC, two enzymes 

previously shown to dephosphorylate various sugars [202], additionally dephosphorylated the 

sugar alcohols mannitol 1-phosphate and sorbitol 6-phosphate. YhhY catalyzes acetyl-CoA 

dependent acetylation of L-methionine and L-phenylalanine, consistent with its recently reported 

function of detoxifying antibiotics through acetylation [346]. YncA, an enzyme previously 

reported to N-acylate methionine and related sulfur-containing amino acids [347], was found to 

additionally acetylate the non-proteinogenic amino acid phenylglycine. YgjP is a metal-

dependent phosphodiesterase cleaving uridine 5’-triphosphate to yield uridine 5’-

monophosphate. Finally, the conserved protein YgdH, a member of the unknown protein family 

UPF0717, is a hydrolase cleaving the N-glycosidic bond in six different (2-desoxy)-ribonucleoside 

monophosphates, yielding (2-desoxy)-D-ribose 5-phosphate and the respective nucleobases. 

Thus, we were able to validate the reaction predictions in 73% of experimentally tested cases, 

demonstrating that our nontargeted metabolomics approach indeed enables the discovery of 

biologically and mechanistically diverse enzymes. 
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Figure 3.6 | Functional validation of twelve diverse novel metabolic enzymes. All panels show time courses 

of indicated products of selected enzymatic reactions performed with 10 mM of pure substrates. For panels a-

h and j-k, closed symbols represent data of assays with active enzymes, and open symbols data of control 

assays with heat-inactivated enzymes. Additional data and details on the characterized reactions are provided 

in Table 3.1 and Supplementary Figures 3.7 to 3.18. Data shown as mean and standard deviation of three 

replicates. (a) YaiE: Phosphorolysis of diverse nucleosides, yielding D-ribose 1-phosphate and free bases. (b) 

YbdH: NADPH-dependent reduction of 2-oxobutanoate and 2-oxoglutarate to 2-hydroxybutanoate and 2-

hydroxygultarate, respectively. (c) YbiC: NADPH-dependent reduction of 2-oxoglutarate, phenylpyruvate and 

3-(4-hydroxyphenyl)pyruvate to 2-hydroxyglutarate, phenyllactate and 3-(4-hydroxyphenyl)lactate, 

respectively. (d) YdbC: NADPH-dependent reduction of 4-pyridoxal to 4-pyridoxine. (e) YdhZ and YggD, 

fumarate hydratases. (f) YfbT: Previously reported to have phosphatase activity [202], additionally 

dephosphorylates sorbitol 6-phosphate and mannitol 1-phosphate to sorbitol and mannitol, respectively. (g) 

YgdH, a conserved protein: Hydrolysis of the N-glycosidic bond of AMP, GMP, IMP, CMP, and UMP, yielding 

the respective free bases adenine, guanine, hypoxanthine, cytosine and uracil as well as D-ribose 5’-



Identification of novel enzymes in E. coli by nontargeted metabolomics 

52 

phosphate. For the cleavage of dTMP, 2-desoxyribose 5’-phosphate is shown. (h) YgjP: Hydrolysis of UTP to 

UMP and pyrophosphate. (i) YhhY: Acetyl-coenzyme A-dependent N-acetylation of L-phenylalanine and L-

methionine, yielding N-acetyl-L-phenylalanine and N-acetyl-L-methionine, respectively. The YhhY enzyme 

could not be purified in soluble form; instead the cell lysates of its overexpression strain (closed symbols) and 

its deletion mutant (open symbols) were assayed. (j) YncA, a sulphur-containing amino acid N-acyl-transferase 

[347]: Acetyl-coenzyme A-dependent N-acetylation of L-methionine and L-phenylglycine yielding N-acetyl-L-

methionine and N-acetyl-L-phenylglycine, and propionyl-coenzyme A-dependent N-propionylation of L-

methionine yielding N-propionyl-L-methionine. (k) YniC, previously reported to have phosphatase activity 

[202]: Dephosphorylation of sorbitol 6-phosphate and mannitol 1-phosphate to sorbitol and mannitol, 

respectively. 

Model-based analysis of the metabolic role of validated novel enzymes 

To assess the metabolic relevance of the twelve validated novel enzymes, we added them 

to a genome-scale metabolic reconstruction of E. coli [348] (Supplementary Online Model 3.1). 

In total, 26 new reactions and seven metabolites were added to the model, and for three 

reactions already present in the model we accordingly altered the gene assignment 

(Supplementary Figure 3.18). Notably, the cytoplasmic cytidine monophosphate nucleosidase 

reaction that was already present in the model had no assigned gene. We closed this gap by 

assigning the ygdH gene, thus making the modification of this reaction experimentally tractable. 

To assess the impact of the added enzymes on the model, we performed in silico growth 

simulations in 320 growth conditions using flux variability analysis [105]. The resulting simulated 

biomass yields of the base model and the augmented model were essentially the same in all 

conditions (Supplementary Figure 3.19), suggesting that none of the novel reactions has an 

immediate effect on cell growth. Yet, 18 of the 29 reactions were predicted to carry flux: AMPase, 

GMPase, IMPase, UTPppase, FUM, PDXdh1 and PDXdh2 carried highest flux under aerobic 

conditions with nucleotide phosphates and carbohydrates as sole carbon sources, consistent 

with a role in nucleotide degradation; dTMPase and CMPase also carried highest flux with 

nucleotide phosphates and carbohydrates as sole carbon source, but independent of oxygen 

availability; and APase, GPase, CPase, dTPase, IPase, XPase, UPase, S6Pase and M1Pase were 

predicted to carry highest flux under anaerobic conditions in a variety of carbon sources (Figure 

3.7a). In contrast, ten reactions were unable to carry flux because at least one of the metabolites 

involved was not connected to the remaining metabolic network (Figure 3.7b). These 

metabolites were exclusively N-acylated amino acids and 2-hydroxycarboxylic acids, indicating 

that the metabolic fates of these compound classes remain incompletely understood. Thus, 

although we were able to functionally integrate two-thirds of the discovered novel reactions into 

the known metabolic network, the surprisingly large number of additional knowledge gaps we 

identified highlights that many enzymes and metabolites in E. coli remain to be discovered. 
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Figure 3.7 | Model-based characterization of the metabolic functions of validated novel enzymes. (a) Flux 

variability analysis [105] of 29 reactions catalyzed by the eleven novel enzymes validated in this study in 320 

growth conditions based on a genome-scale metabolic model of E. coli [348]. Reactions are defined in Table 

3.1. Maximal reaction rates among all alternative flux balance analysis solutions (95% of optimum) for each 

growth conditions are displayed by color-coding. Nineteen reactions catalyzed by six novel enzymes were 

able to carry flux under at least one condition. Oxygen availability and objective function value (i.e. optimal 

biomass yield, µ) in each condition are displayed by color-coding and horizontal bars, respectively. Selected 

growth substrates are highlighted. (b) Ten reactions catalyzed by four novel enzymes were unable to carry 

flux, as formation or degradation reactions (pink arrows) for one or more involved metabolites (highlighted in 

pink) were missing in the model. Enzymes acting on these metabolites thus indicate knowledge gaps that can 

guide future enzyme discovery endeavors. 
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Discussion 

The here developed in vitro metabolomics approach for large-scale discovery of metabolic 

enzymes was used to screen 1,275 uncharacterized E. coli proteins for enzymatic activity. We 

discovered specific differential metabolite ions for 241 putative enzymes and characterized the 

activities of ten diverse novel enzymes, three of which with particularly intriguing functions. 

Besides other reactions, the multispecific hydrolase YgdH catalyzes the cleavage of CMP to 

cytosine and ribose 5-phosphate, a reaction for which the responsible enzyme has long been 

missing in E. coli. Furthermore, the two dehydrogenases YbdH and YbiC both catalyze, among 

other reactions, the irreversible reduction of 2-oxoglutarate to 2-hydroxyglutarate, a metabolite 

implicated in human neurological disorders [83,194] and cancer [84]. 2-hydroxyglutarate is 

thought to be accidentally synthesized in humans [84] and in E. coli [349], and both species are 

equipped with specific enzymes to detoxify 2-hydroxyglutarate by oxidation to the non-toxic 

compound 2-oxoglutarate [83,349]. Our unexpected discovery of two enzymes that appear to 

specifically produce, but not degrade, 2-hydroxyglutarate indicates that this compound may yet 

have additional cellular roles.  

One limitation is the relatively low recovery rate of 18% of known enzymes, presumably 

because substrate-to-product ratios were often close to thermodynamic equilibrium and 

precluding net concentration changes of reactants. A possible solution would be to spike the 

metabolome cocktail with a diverse mixture of synthetic metabolites or combining metabolome 

extracts from very diverse species growing in vastly different environments, such as thermophilic, 

psychrophilic or halophilic archaea with different thermodynamic equilibria. Other limitations 

were the large number of non-annotated ions and the inherent ambiguity in assigning metabolite 

names to ions based on accurate mass alone. We believe that both are acceptable for discovery-

focused approaches in return for a broad metabolome coverage that currently few other 

analytical techniques can provide [37,70]. Importantly, more comprehensive metabolome 

databases, advances in algorithms for reaction prediction from metabolomics data and 

computational frameworks to integrate other information sources [37,247,350] such as protein 

structures could be exploited in the future to re-explore our dataset and identify currently 

obscured novel enzymes and reactions. 

The strength of our method is its direct experimental applicability to large sets of candidate 

proteins or complex biological samples without having to a priori define compounds or reactions 

of interest. This nontargeted and data-driven approach allows for high-content screens even of 

poorly characterized samples, for instance metagenomic expression libraries [351]. The large 

number of assays that can be performed and statistically analyzed means that even small 

reactant concentration differences translate into statistically significant signals, allowing for the 

robust detection of reactions involving low-abundant metabolites. The employed comparative 

data analysis approach also eliminates the need for highly purified protein preparations, since 

effects of frequent impurities or reactions catalyzed by general contaminant enzymes are 

cancelled out and only specific metabolite changes are reported. For sufficiently large sample 

cohorts, protein purification can be completely omitted without unacceptably sacrificing recovery 

or accuracy as we demonstrated with our screen of overexpression cell lysates, thus 

considerably reducing costs and eliminating purification-inherent drawbacks.  



Identification of novel enzymes in E. coli by nontargeted metabolomics 

56 

We anticipate that the here-reported combination of in vitro activity assays and nontargeted 

metabolomics will be important for enzyme discovery in basic research and industrial 

applications such as high-content functional screening of metagenome libraries or design of 

industrial bioproduction strains. The surprisingly large numbers of identified novel enzymes and 

potentially undiscovered metabolites even in the well-characterized and relatively simple 

bacterium E. coli underscore that further elucidating network topologies remains a key milestone 

in metabolic research. 
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Materials and methods 

Media and bacterial cell cultivation. All E. coli strains used in this study were obtained from the 

ASKA collection [343]. These strains were derived from E. coli K-12 AG1 and harbored plasmid 

pCA24N conferring chloramphenicol resistance and carrying a His6-tagged open reading frame 

under the control of an isopropyl-β-D-thiogalactoside (IPTG)-inducible T5-lac promoter. Cultures 

were inoculated from -80° C glycerol stocks, and cultivation was performed in LB medium (10 g/L 

Bacto tryptone, 5 g/L Bacto yeast extract, 5 g/L NaCl, pH 7.4) in presence of 100 µM IPTG and 

100 µM chloramphenicol for 16 h at 37° C shaking at 300 rpm. For the screen, 96-well deepwell 

blocks with 1.5 mL medium/well were used, whereas for the validation experiments 500 mL 

baffled shake flasks with 50 mL medium were used.  

Protein purification (enzyme screen). Cells were pelleted by centrifugation (10 min at 4,000 x g) 

and resuspended in 400 µL of lysis buffer (20 mM sodium phosphate, 1 mM MgCl2, 20 mM 

imidazole, 500 mM NaCl, 1 mM phenylmethanesulfonyl fluoride, 2 mg/mL lysozyme (Fluka), 0.2 

mg/mL DNAse I (Roche), pH 7.4). After incubation at 30° C for 30 min, lysis was completed by 

three repeated cycles of freezing (-80° C) and thawing (30° C). 50 µL aliquots of the cell lysates 

were stored at -80° C for the cell lysate activity assays. Remaining cell lysates were applied to 

96-well format Ni2+-charged nitrilotriacetic acid (Ni-NTA) affinity columns (GE Healthcare) and 

washed twice with 20 column volumes of washing buffer (20 mM sodium phosphate, 500 mM 

NaCl, 20 mM imidazole, pH 7.5). Proteins were eluted from the column with elution buffer (20 

mM sodium phosphate, 500 mM NaCl, 500 mM imidazole, pH 7.5) which was subsequently 

replaced by storage buffer (2 mM TrisHCl, 1 mM MgCl2, pH 7.4) using 96-well ultrafiltration plates 

with 10 kDa molecular weight cutoff, and proteins were stored at 4° C at most 1 day before 

performing activity assays. We recorded for each purified protein the growth of its expression 

strain, the concentration of purified protein and whether the solution had a yellow color 

(Supplementary Online Table 3.3). 

Quantification of cell growth and protein concentration. Cell growth was quantified by 

measuring the absorbance at 595 nm of the expression cultures prior to harvest. For this, 50 µL 

of overnight culture were diluted with 100 µL of saline (0.9% NaCl, 1 mM MgCl2) in 96-well clear 

flat bottom plates to obtain absorbance values of less than 1. Protein yield was quantified by 

adding 5 µL of purified protein solution to 150 µL of Bradford reagent (Biorad), incubating for 10 

min at room temperature and measuring the absorbances at 590 and 450 nm, respectively. The 

ratio of A(590) over A(450) linearly correlates with the protein concentration over a wide range 

[352]. Quantification was performed based on a dilution series of bovine serum albumin (BSA). 

Fed-batch fermentations for metabolite extract preparation. The fermentation vessel used for 

cultivation of E. coli K-12 BW25113 had a nominal volume of 2.4 L (Bioengineering) and was 

equipped with a 3-level radial flow impeller (d = 3 cm) set to 1,000 rpm and aerated with sterile 

air at 1 L gas/L liquid/min (vvm), at an operating pressure of 1.2 bar. pH was set to 7.0 and 

controlled by addition of 28% (w/v) NH4OH or 5M HCl, and temperature was set to 37° C. The 

initial medium for glucose minimal medium fermentation contained 5 g/L glucose, 14.8 g/L 

KH2PO4, 4.44 g/L (NH4)2HPO4, 1.9 g/L sodium citrate, 1.33 g/L MgSO4, 5 mg/L thiamineHCl as well 

as 9 mL/L trace element solution (0.18 g/L ZnSO4•7 H2O, 0.12 g/L CuCl2•2 H2O, 0.12 g/L 
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MnSO4•H2O, 0.18 g/L CoCl2•6 H2O) [353]. The initial medium for glycerol complex medium 

fermentation contained 3 g/L glycerol, 12 g/L Bactro tryptone, 24 g/L Bacto yeast extract, 2.2 g/L 

KH2PO4, 9.4 g/L K2HPO4. Polypropylene glycol was added as required to prevent foam formation. 

After inoculating 750 mL of initial medium with 50 mL of overnight preculture in LB medium, feed 

medium of increasing substrate concentration (same composition as initial medium, but with 10-

25-100 g/L glucose for the glucose fermentation and 6-15-60 g/L glycerol for the glycerol 

fermentation) was added at a constant rate of 2 mL/min. The low-concentrated feed was added 

for a duration of 12 h, the medium-concentrated feed for another 4 h, and finally the high-

concentrated feed until the fermentations were aborted at an optical cell density at 600 nm of 

20. Fermentation profiles are shown in Supplementary Figure 3.20. 

Preparative metabolite extraction. 50 mL aliquots of fermentation broth with an OD595 of 20 

were transferred to 50 mL tubes directly from the fermenter and pelleted by fast centrifugation 

(1 min at 14’000 rpm at 0° C). Thus, each tube contained a cell pellet of 380 mg dry cell weight 

(DCW) using a coefficient of 0.38 mg DCW/OD/mL [354]. The supernatant was discarded and the 

pellets were flash-frozen in liquid nitrogen. Subsequently, each pellet was extracted with 20 mL 

of 60:40% (v/v) ethanol:water at 80° C for 10 min with occasional vortexing. All extracts were 

pooled, and the samples were dried under vacuum using a SpeedVac (Christ). The extracted 

metabolites were resuspended in a volume of 600 µL H2O per tube to attain physiological 

concentration, as each mg DCW initially corresponded to 1.63 µL of intracellular fluid [354]. 

Aliquots of the extracts of both fermentations were stored separately at -80° C prior to further 

use. 

Nontargeted enzyme activity assays. Each assay mixture contained 39 µL buffer (2 mM Tris-

HCl, 2 mM MgCl2, pH 7.5), 5 µL 10-fold concentrated cofactor mix (1 mM of each NADH, NAD+, 

NADPH, NADP+, FAD, ATP, GTP, ITP, S-adenosyl-L-methionine, acetyl-CoA, CoA), 2.5 µL of E. coli 

metabolite extract cultivated on glucose minimal medium and 2.5 µL of E. coli metabolite extract 

cultivated on glycerol complex medium per well in 96-well plates. Assays were started by adding 

1 µL of either purified protein or 1 µL of overexpression strain lysate to each well, allowed to 

proceed for 1 h at 22° C and quenched by adding -80° C-cold methanol to 75%-v/v. Each 

uncharacterized protein was analyzed in pentuplicates for both assay types. 

Flow injection time-of-flight mass spectrometry. The analysis of each assay performed on a 

platform consisting of a Hitachi L-7100 liquid chromatography pump coupled to a Gerstel MPS2 

autosampler and an Agilent 6520 QTOF mass spectrometer (Agilent, Santa Clara, CA) operated 

with published settings [72]. The isocratic flow rate was 150 μL/min of mobile phase consisting 

of isopropanol:water (60:40, v/v) buffered with 5 mM ammonium fluoride at pH 9 for negative 

ionization mode. For online mass axis correction, 2-propanol (in the mobile phase), taurocholic 

acid and Hexakis(1H, 1H, 3H-tetrafluoropropoxy)phosphazine were used. Mass spectra were 

recorded in profile mode from 50 to 1,000 m/z with a frequency of 1.4 spectra/sec using the 

highest available resolving power (4 GHz HiRes). Source temperature was set to 325 °C, with 5 

L/min drying gas and a nebulizer pressure of 30 psig. Fragmentor, skimmer and octupole 

voltages were set to 175 V, 65 V and 750 V, respectively. 

Spectral data processing and annotation. All steps of mass spectrometry data processing and 

analysis were performed with Matlab (The Mathworks, Natick) using functions embedded in the 
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Bioinformatics, Statistics, Database, and Parallel Computing toolboxes as described previously 

[72]. Briefly, peak detection was done for each sample once on the total profile spectrum 

obtained by summing all single scans recorded over time and using wavelet decomposition as 

provided by the Bioinformatics toolbox. In this procedure, we applied a cutoff to filter peaks of 

less than 500 ion counts (in the summed spectrum) to avoid the detection of artifacts. Centroid 

lists from samples were then merged into a single matrix by binning the accurate centroid masses 

within the tolerance given by the instrument resolution (about 0.002 amu at m/z 300). The 

resulting matrix lists the intensity of each mass peak in each analyzed sample. An accurate 

common m/z was recalculated with a weighted average of the values obtained from independent 

centroiding. Because mass axis calibration was applied online during acquisition, no m/z 

correction was applied during processing to correct for potential drifts. After merging, ions were 

annotated based on accurate mass using 0.001 Da tolerance. Annotation was based on 

assumption that [M-H+] and [M+F-] are the possible ionization options for negative mode. 

Additionally, the following commonly observed abiotic adducts were considered: 12C->13C, H->Na, 

H->K, +NaCl. We used the KEGG E. coli compound database [158] as reference for annotation. 

Data processing and standardization. The dataset consisting of a matrix of intensities values for 

4,720 detected ions in 14,670 assays was processed the following way: i) median filter 

subtraction to correct for instrument sensitivity drifts over the course of the measurements; ii) Z-

score (Equation 1) standardization along the second dimension (datasets) to have comparable 

numerical abundance values for all ions; iii) Z-score standardization along the first dimension 

(ions) to correct for systematic sample abundance variations; iv) median filtering of the five 

replicates of each enzyme assay to correct technical outliers; v) final Z-score standardization 

along the second dimension (datasets) to rescale ion abundance values. The effect of each data 

processing step is further explained and visualized in Supplementary Figure 3.3. 
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Protein purification (validation experiments). Cells were pelleted by centrifugation (10 min at 

4,000 x g), resuspended in 4 mL of lysis buffer (100 mM TrisHCl, 5 mM MgCl2, 2 mM dithiothreitol, 

4 mM phenylmethanesulfonyl fluoride, pH 7.5) and cooled on ice. Lysis was performed by three 

passages through a FrenchPress system (Simo Aminco) with pressure cells precooled at 4° C 

and operated at 1,000 psig. Cell lysates were applied to Co2+-charged TALON affinity columns 

(0.5 mL column volume, GE Healthcare) providing higher purity than conventional Ni2+-charged 

resins, and washed twice with 20 column volumes of washing buffer (20 mM sodium phosphate, 

500 mM NaCl, 20 mM imidazole, pH 7.5). Subsequently, step gradient elution with elution buffer 

(20 mM sodium phosphate, 500 mM NaCl, pH 7.5) containing 60, 100 and 500 mM imidazole 

was performed, and the fractions containing the target protein (as identified by SDS-PAGE) were 

selected for further purification. Buffer of the selected fractions was exchanged to 10 mM TrisHCl 

pH 7.5 by three ultrafiltration steps using spin columns with 10 kDa molecular weight cutoff 

(Millipore). In a second purification step, the eluates of the affinity purification were applied to an 

anion exchange column packed with 1.5 mL Q-Sepharose High Performance resin (GE 

Healthcare) pre-loaded with Cl- ions. Proteins were eluted in 4 mL fractions with a step gradient 

of 100, 200 and 500 mM NaCl in 20 mM phosphate buffer at pH 7.5 supplemented with 1 mM 

MgCl2 at a flow rate of 1 mL/min. Fractions containing the target proteins (as determined by SDS-
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PAGE) were pooled and concentrated to a final volume of 1 mL in buffer containing 100 mM 

TrisHCl pH 7.5 and 10 mM MgCl2 using ultrafiltration spin columns (Millipore) with a molecular 

weight cutoff of 10 kDa. 

Validation enzyme assays with pure substrates. Purified enzymes (or, in the case of YhhY, 

lysates of its overexpression and deletion strains [355]) were incubated at 37° C at a protein 

concentration of 50 µg/mL in 150 µL buffer containing 10 mM TrisHCl pH 7.5, 1 mM MgCl2 and 10 

mM of each substrate. Compounds were purchased from Sigma Aldrich at the highest available 

purity. At indicated time points, 10 µL of the reaction solution were transferred to 30 µL methanol 

cooled by dry ice to quench the reaction by enzyme denaturation. Reactant concentrations were 

subsequently measured by time-of-flight mass spectrometry [72]. Each experiment was repeated 

with at least two independent enzyme purification in experimental triplicates. As negative 

controls, heat-inactivated (60 min at 95° C) proteins were used. 

Gel electrophoresis (SDS-PAGE). Gel electrophoresis was performed using precast 12-well 1 mm 

thick NuPAGE 4-12% Bis-Tris Gels (Novex) together with premixed NuPAGE MOPS SDS running 

buffer (Novex) at a constant voltage of 100 V with a PowerPac 1000 power supply (Biorad). Gels 

were stained in 50:40:10% (v/v) methanol:water:glacial acetic acid containing 2 g/L Coomassie 

brilliant blue R-250 at room temperature for 3 h, and destained in the same solution without the 

Coomassie dye until background coloring was negligible. Gels were digitalized using a scanner 

(Hewlett-Packard). 
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Supplementary information 

 

 

Supplementary Figure 3.1 | Absolute concentrations of representative metabolites in the metabolite 

cocktail. The two metabolite extracts obtained from cells grown in glucose minimal medium and glycerol 

complex medium were pooled and metabolite concentrations were measured by ion-pairing UPLC-MS/MS as 

described previously [71]. Determined concentrations are compared with literature values of E. coli cytoplasmic 

metabolite concentrations in three different growth conditions [342] and with KM values of E. coli enzymes 

acting on these metabolites (for ADP-hexoses no values for E. coli enzymes were available, and the indicated 

values instead refer to all other species in the dataset) [356]. 
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Supplementary Figure 3.2 | Ion annotation by correlation and metabolome coverage of annotated 

metabolites. (a) Ion annotation by correlation with ions annotated by accurate mass. Pearson’s correlation 

coefficient R of the raw ion intensities over all data sets among all ions was computed. Annotations were 

transferred between ions correlating with R > 0.6, as above this threshold correlations of ions known to be 

derived from the same compounds were > 100-fold enriched compared to ions not having a common 

annotation. (b) Number of ions annotated by accurate mass and by correlation. (c) All annotated metabolites 

were overlaid on the KEGG E. coli metabolic pathway maps using Pathway Projector [357]. Large colored 

circles represent metabolites potentially detected in the metabolite cocktail used for enzyme assays, and small 

black dots represent non-covered metabolites. Circles representing covered metabolites are colored 

according to their corresponding metabolic pathways.  
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Supplementary Figure 3.3 | Data processing and standardization. All panels exemplarily refer to the ion m/z 

323.029, annotated as uridine 5’-monophosphate (UMP). Datasets corresponding to measurements of 

selected enzymes enzymatically acting on UMP (Udk, YgdH, Udk) are highlighted. The horizontal bars between 

the 5 replicate assays of these enzymes indicate their means. Different measurement days are distinguished 

in black and gray to visualize inter-day variability. (a) Raw ion intensity. Main problems are high inter- and intra-

day variance that mask biologically relevant effects, as well as the arbitrary measure of ion abundance that 

differs among ions. Inter-day variation of each ion is corrected by subtracting a median filter of window size 10 

(red line) from the individual data points, yielding the data in panel b. (b) Median-filtered data. Remaining 

problems are large variance among individual datasets as well as the arbitrary abundance measure. To allow 

systematic comparisons among ions, Z-score standardization of the abundance of each ion across all datasets 

is applied. This procedure normalizes the difference between the ion abundance in a given assay and the 

mean ion abundance across all assays to the standard deviation of the ion abundance across all assays 

(Equation 1). The result is shown in panel c. (c) Standardized data (1st step). All ions now have a comparable 

abundance measure (Z-score). Remaining problems are systematic outliers caused by experimental variations 

in metabolite extract concentrations that equally affect the abundances of all ions in an assay. This is addressed 

by a second Z-score standardization across all ions of each dataset, thus removing eventual offsets. The result 

is shown in panel d. (d) Standardized data (2nd step). Systematic outliers are removed. Remaining problems are 

spurious outliers caused by stochastic measurement errors that only affect individual ions in each dataset. To 

separate these effects from the desired specific changes caused by enzymatic activity, a second median 

filtering step (window size 3) across the five replicates of each assay is applied. This curation procedure 

removes strong inconsistencies among biological replicates and thus conserves only reproducible signals. The 

result is shown in panel e. (e) De-noised data. Spurious outliers are removed and reproducible signals are 

retained. The true-positive signals of YgdH, YgjP and Udk now separate well from noise. A remaining issue is 

that the abundance measure is no longer a Z-score according to its canonical definition (Equation 1) because 

de-noising reduced variance, sometimes to a different extent in pure enzyme assays and cell lysate assays. 

Thus, a final Z-score standardization for each ion across all datasets was applied separately for each assay 

type. The result is shown in panel e. (e) Final Z-score data. The dashed line indicates the cutoff derived based 

on known enzymes.  
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Supplementary Figure 3.4 | Degree distributions of putative novel enzymes and reactant ions. Node degree 

refers to the number of associations detected for a metabolite ion or putative enzyme (Figure 3.4). Whereas 

most enzymes were specific and only affected few metabolite ions, 15 were multispecific and affected more 

than five metabolite ions. These enzymes are indicated in the figure. Bold and underlined enzymes were 

validated in this study. Conversely, the indicated metabolite ions were affected by five enzymes and thus may 

represent potential metabolic hubs such as yet unknown cofactors or general anabolic precursors. Note that 

ions with more than 5 associations were removed to report only reliable and specific effects. 
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Supplementary Figure 3.5 | Reaction prediction by molecular similarity of reactant pair metabolites. (a) 

Relative histograms of the intermolecular similarity indices between compounds forming KEGG main reactant 

pairs [158] and between all other compound pairs. A Jaccard-Tanimoto coefficient (JTC, which is 1 for identical 

and 0 for completely dissimilar compounds) of ≥0.4 was applied to predict reactant pairs. (b) Example 

illustrating the computation of the JTC among two compounds. The moieties indicated by green and blue 

atoms form the same substructures in both molecules and thus represent the maximum common subgraph 

(MCS). However, some atoms in the MCS have different chemical properties in the two molecules; for example, 

the oxygen and carbon atoms part of the hydroxyl group in compound A have different properties than the 

same atoms part of the keto group in compound B. This is accounted for by reducing their weight to 0.5, as 

opposed to common atoms with identical properties that have a weight of 1, obtaining a quasi-MCS (qMCS). 

Note that this procedure implicitly accounts for differences in hydrogen atoms that are not considered in MCS 

calculation. Finally, compound A has 4 distinct atoms that are not present in compound B (the phosphate 

group) and thus are not part of the qMCS. Using the indicated equation, the JTC can then easily be computed 

based on counting atoms of the different types. Further details of this previously reported approach (the 

SIMCOMP2 algorithm) are described elsewhere [344,345]. 
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Supplementary Figure 3.6 | Reaction prediction by mass difference between reactant pair ions. Differences 

in the sum formulae among all compounds forming KEGG main reactant pairs were determined by identifying 

non-common atoms, followed by calculation of the corresponding mass difference. For example, the 

acquisition or loss of a phosphate group consists of the net transfer of one hydrogen, three oxygen and one 

phosphorus atom and a mass difference of 79.968 Da. In total, 1’205 distinct atom differences were identified, 

of which 82 occurring in 10 or more reactant pairs were used to predict reaction mechanisms. This was done 

by calculating the m/z difference among all differential ions of opposed change direction detected in an 

enzyme assays and mapping it to the mass differences associated with these 82 reaction types within 0.005 

Da tolerance. 
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Supplementary Figure 3.7 | Experimental validation of the novel enzyme YaiE (PpnP). Panels a – j: Mass-

spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM of 

each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrates were Uridine and 

Na2HPO4. (b) Substrates were Adenosine and Na2HPO4. (c) Substrates were Guanosine and Na2HPO4. (d) 

Substrates were Cytidine and Na2HPO4. (e) Substrates were Thymidine and Na2HPO4. (f) Substrates were 

Inosine and Na2HPO4. (g) Substrates were Xanthosine and Na2HPO4. (h) Substrates were D-Ribose 1-

phosphate and Uracil. (i) Substrates were D-Ribose 1-phosphate and Adenine. (j) Substrates were D-Ribose 1-

phosphate and Hypoxanthine. (k) SDS-PAGE of YaiE at different purification stages. Highlighted eluate 

fractions (pink boxes) of TALON affinity chromatography and anion exchange chromatography were used for 

the respective subsequent processing steps. The two lanes on the right contain the protein used for enzyme 

assays in 1-fold and 0.1-fold dilution. Numbers on the marker lane indicate the molecular weights of respective 

bands. The expected molecular weight of His6-tagged monomeric YaiE is indicated. (l) Chemical equations of 

YaiE-catalyzed reactions.  
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Supplementary Figure 3.8 | Experimental validation of the novel enzyme YbdH (HcxA). Panels a – d: Mass-

spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM of 

each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrates were 2-

oxobutanoate and NADH. (b) Substrates were 2-oxobutanoate and NADPH. (c) Substrates were 2-oxoglutarate 

and NADH. (d) Substrates were 2-oxoglutarate and NADPH. (e) SDS-PAGE of YbdH at different purification 

stages. Highlighted eluate fractions (pink boxes) of TALON affinity chromatography and anion exchange 

chromatography were used for the respective subsequent processing steps. The two lanes on the right contain 

the protein used for enzyme assays in 1-fold and 0.1-fold dilution. Numbers on the marker lane indicate the 

molecular weights of respective bands. The expected molecular weight of His6-tagged monomeric YbdH is 

indicated. (f) Chemical equations of YbdH-catalyzed reactions.  



Identification of novel enzymes in E. coli by nontargeted metabolomics 

70 

 

Supplementary Figure 3.9 | Experimental validation of the novel enzyme YbiC (HcxB). Panels a – f: Mass-

spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM of 

each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrates were 2-

oxoglutarate and NADPH. (b) Substrates were phenylpyruvate and NADPH. (c) Substrates were 3-(4-

hydroxyphenyl)pyruvate and NADPH. (d) Substrates were 2-oxoglutarate and NADH. (e) Substrates were 

phenylpyruvate and NADH. (f) Substrates were 3-(4-hydroxyphenyl)pyruvate and NADH. (g) SDS-PAGE of YbiC 

at different purification stages. Highlighted eluate fractions (pink boxes) of TALON affinity chromatography and 

anion exchange chromatography were used for the respective subsequent processing steps. The two lanes 

on the right contain the protein used for enzyme assays in 1-fold and 0.1-fold dilution. Numbers on the marker 

lane indicate the molecular weights of respective bands. The expected molecular weight of His6-tagged 

monomeric YbiC is indicated. (h) Chemical equations of YbiC -catalyzed reactions. 
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Supplementary Figure 3.10 | Experimental validation of the novel enzyme YdbC (PdxI). Panels a and b: Mass-

spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM of 

each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrates were 4-pyridoxal 

and NADPH. (b) Substrates were 4-pyridoxal and NADH. (c) SDS-PAGE of YdbC at different purification stages. 

Highlighted eluate fractions (pink boxes) of TALON affinity chromatography and anion exchange 

chromatography were used for the respective subsequent processing steps. The two lanes on the right contain 

the protein used for enzyme assays in 1-fold and 0.1-fold dilution. Numbers on the marker lane indicate the 

molecular weights of respective bands. The expected molecular weight of His6-tagged monomeric YdbC is 

indicated. (d) Chemical equations of YdbC -catalyzed reactions. 
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Supplementary Figure 3.11 | Experimental validation of the novel enzyme YdhZ (FumD). Panels a and b: 

Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM 

of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrate was fumarate. 

(b) SDS-PAGE of YdhZ at different purification stages. Highlighted eluate fractions (pink boxes) of TALON 

affinity chromatography and anion exchange chromatography were used for the respective subsequent 

processing steps. The two lanes on the right contain the protein used for enzyme assays in 1-fold and 0.1-fold 

dilution. Numbers on the marker lane indicate the molecular weights of respective bands. The expected 

molecular weight of His6-tagged monomeric YdhZ is indicated. (c) Chemical equations of YdhZ -catalyzed 

reactions.  
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Supplementary Figure 3.12 | Experimental validation of the novel enzyme YfbT (HxpA). Panels a and b: 

Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM 

of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrate was sorbitol 6-

phosphate. (b) Substrate was mannitol 1-phosphate. (c) SDS-PAGE of YfbT at different purification stages. 

Highlighted eluate fractions (pink boxes) of TALON affinity chromatography and anion exchange 

chromatography were used for the respective subsequent processing steps. The two lanes on the right contain 

the protein used for enzyme assays in 1-fold and 0.1-fold dilution. Numbers on the marker lane indicate the 

molecular weights of respective bands. The expected molecular weight of His6-tagged monomeric YfbT is 

indicated. (d) Chemical equations of YfbT -catalyzed reactions. 
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Supplementary Figure 3.13 | Experimental validation of the novel enzyme YgdH (Ppn). Panels a – f: Mass-

spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM of 

each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrate was AMP. (b) 

Substrate was GMP. (c) Substrate was CMP. (d) Substrate was dTMP. (e) Substrate was UMP. (f) Substrate was 

IMP. (g) SDS-PAGE of YgdH at different purification stages. Highlighted eluate fractions (pink boxes) of TALON 

affinity chromatography and anion exchange chromatography were used for the respective subsequent 

processing steps. The two lanes on the right contain the protein used for enzyme assays in 1-fold and 0.1-fold 

dilution. Numbers on the marker lane indicate the molecular weights of respective bands. The expected 

molecular weight of His6-tagged monomeric YgdH is indicated. (h) Chemical equations of YgdH -catalyzed 

reactions. 
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Supplementary Figure 3.14 | Experimental validation of the novel enzyme YggD (FumE). Panels a and b: 

Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM 

of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrate was fumarate. 

(b) SDS-PAGE of YggD at different purification stages. Highlighted eluate fractions (pink boxes) of TALON 

affinity chromatography and anion exchange chromatography were used for the respective subsequent 

processing steps. The two lanes on the right contain the protein used for enzyme assays in 1-fold and 0.1-fold 

dilution. Numbers on the marker lane indicate the molecular weights of respective bands. The expected 

molecular weight of His6-tagged monomeric YggD is indicated. (c) Chemical equations of YggD -catalyzed 

reactions.  
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Supplementary Figure 3.15 | Experimental validation of the novel enzyme YgjP (Upp). (a) Mass-

spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM of 

each substrate. Data is shown as mean and standard deviation of 3 replicates. Substrate was UTP. (b) SDS-

PAGE of YgjP at different purification stages. Highlighted eluate fractions (pink boxes) of TALON affinity 

chromatography and anion exchange chromatography were used for the respective subsequent processing 

steps. The two lanes on the right contain the protein used for enzyme assays in 1-fold and 0.1-fold dilution. 

Numbers on the marker lane indicate the molecular weights of respective bands. The expected molecular 

weight of His6-tagged monomeric YgjP is indicated. (c) Chemical equations of YgjP -catalyzed reaction. 
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Supplementary Figure 3.16 | Experimental validation of the novel enzyme YhhY (AaaT). Panels a and b: 

Mass-spectrometric abundance of detected reactant ions in assays with cell lysates of overexpression, wild 

type and deletion strains and 10 mM of each substrate. Data is shown as mean and standard deviation of 3 

replicates. (a) Substrates were L-phenylalanine and acetyl-CoA. (b) Substrates were L-methionine and acetyl-

CoA. (c) Chemical equations of YhhY -catalyzed reactions. (d) L-tyrosine was not accepted as substrate. (e) 

YhhY accepts acetyl-CoA, but not propionyl-CoA, succinyl-CoA or (S)-methylmalonyl-CoA, as acyl donor. 
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Supplementary Figure 3.17 | Experimental validation of the novel enzyme YncA (MnaT). Panels a and b: 

Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM 

of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrates were L-

methionine, acetyl-CoA and propionyl-CoA. (b) Substrates were L-phenylglycine and acetyl-CoA. (c) SDS-PAGE 

of YncA at different purification stages. Highlighted eluate fractions (pink boxes) of TALON affinity 

chromatography and anion exchange chromatography were used for the respective subsequent processing 

steps. The two lanes on the right contain the protein used for enzyme assays in 1-fold and 0.1-fold dilution. 

Numbers on the marker lane indicate the molecular weights of respective bands. The expected molecular 

weight of His6-tagged monomeric YncA is indicated. (d) Chemical equations of YncA -catalyzed reactions. 
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Supplementary Figure 3.18 | Experimental validation of the novel enzyme YniC (HxpB). Panels a and b: 

Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 10 mM 

of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrate was sorbitol 6-

phosphate. (b) Substrate was mannitol 1-phosphate. (c) SDS-PAGE of YniC at different purification stages. 

Highlighted eluate fractions (pink boxes) of TALON affinity chromatography and anion exchange 

chromatography were used for the respective subsequent processing steps. The two lanes on the right contain 

the protein used for enzyme assays in 1-fold and 0.1-fold dilution. Numbers on the marker lane indicate the 

molecular weights of respective bands. The expected molecular weight of His6-tagged monomeric YniC is 

indicated. (d) Chemical equations of YniC -catalyzed reactions. 
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Supplementary Figure 3.19 | Genome-scale metabolic model augmentation and analysis. (a) Comparison of 

the numbers of reactions, metabolites and genes between the iJO1366 base model [348] and the iDS1377 

model augmented with the twelve validated enzymes from this study. (b) Objective function values (biomass 

yield) of both models in 320 different growth conditions were identical. (c) Fraction of reactions catalyzed by 

the eleven validated novel enzymes carrying flux under at least one growth condition, as estimated by flux 

variability analysis (Figure 3.7).  
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Supplementary Figure 3.20 | Profiles of fed-batch fermentations for metabolite extract preparation. OD600 

is the optical density of the culture at 600 nm. Glucose and glycerol in the medium were measured by HPLC. 

Oxygen transfer rates were calculated as follows: ��� � ����,��� � ���,������� ∙ � ∙ ����
�� ∙ ����

��, where Y is 

the molar fraction of oxygen, q the volume-specific aeration rate in [L air / L culture / min], VL the culture volume 

and Vm the molar volume of an ideal gas at 37° C, that is, 25 L/mol. The carbon dioxide production rate was 

calculated analogously as follows: ��� � �����,������ � ����,���� ∙ � ∙ ����
�� ∙ ����

��. The respiratory quotient 

is the ratio of CPR to OTR.	(a) Fed-batch fermentation with glucose minimal medium. (b) Fed-batch fermentation 

with glycerol complex medium. 
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Abstract 

Metabolic enzymes were long assumed to be quite specific, yet a growing body of literature 

now suggests that most enzymes might promiscuously catalyze multiple reactions. However, 

direct experimental evidence to systematically corroborate this hypothesis has so far been 

missing. Here, we screened all 1,054 known enzymes of Escherichia coli for catalytic activity 

towards 10,000 potential substrates using in vitro enzyme activity assays based on nontargeted 

metabolomics. For 495 enzymes we observed differential metabolite ions that did not 

correspond to known reactants, implying their conversion to result from promiscuous activities. 

Intriguingly, many promiscuous reactions involved ions that did not correspond to any known E. 

coli metabolite, indicating that promiscuity is particularly prevalent in non-canonical metabolic 

pathways. Beyond validating selected promiscuous reactions, including the detoxification of 

flavin-deoxyadenosine dinucleotide by CobC, we further examined the role of promiscuity in the 

context of the entire metabolic network. Our model predicts that one third of the promiscuous 

reactions may be active under distinct environmental conditions, and that the discovered 

promiscuous enzymes could facilitate the evolution of catabolic pathways for the assimilation of 

novel carbon sources. Thus, our study provides the first systematic experimental evidence that 

promiscuity is common and prevalent in enzymes throughout metabolism, and offers a glimpse 

on the astonishing catalytic versatility of modern enzymes. 
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Introduction 

Catalyzing biochemical reactions with high efficiency and specificity has traditionally been 

considered a hallmark of metabolic enzymes, which are thought to have evolved from inefficient, 

unspecific or non-enzymatic ancestors through divergent molecular evolution [210,221,358–

362]. Indeed, in vitro and in vivo studies have confirmed that both activity and specificity of an 

enzyme towards particular reactions can increase under appropriate selective pressure [363–

368], although this process does not necessarily compromise other activities in equal measure 

unless these are counter-selected against [369]. Enzymes in central metabolic pathways seem 

to have evolved towards high activity and specificity, thereby enabling cells to maintain high 

fluxes through core reactions providing energy and building blocks required for growth, as well 

as facilitating metabolic regulation that underpins cellular adaptation to variable environments 

[220]. Conversely, enzymes in secondary metabolism appear to have retained a considerably 

degree of promiscuity [219,221] (Figure 4.1), possibly because fitness advantages conferred by 

their specialization would not offset the costs of sustained gene duplication [370] or because 

their promiscuity actually increases cellular fitness, for instance by catalyzing multiple reactions 

at low protein cost or by providing starting points for evolutionary adaptation through enhanced 

metabolic plasticity [221,371,372]. Thus, the extent to which efficiency and specificity of an 

enzyme evolve depends both on physicochemical constraints as well as on its metabolic context 

[356]. 

 

 

Figure 4.1 | Types and prevalence of enzyme promiscuity. (a) Promiscuity is the ability of metabolic enzymes 

to catalyze multiple reactions. Substrate promiscuity refers to the catalysis of mechanistically similar reactions 

on different substrates, while reaction promiscuity refers to the catalysis of mechanistically distinct reactions, 

often on different substrates. Promiscuous reactions can be catalyzed at the same active site as the main 

reaction, or at different active sites. (b) Prevalence of promiscuous reactions in E. coli. The data is based on a 

genome-scale metabolic model analysis by Nam and coworkers [220].  
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Knowing which enzymes catalyze which reactions is paramount to charting accurate 

topologies of metabolic networks and key to a better understanding of their functional properties 

and organizing principles [373]. Although metabolism is relatively well-characterized, the catalytic 

potential of metabolic enzymes almost certainly is currently underestimated, chiefly because 

most enzymes have been discovered through targeted approaches that, by design, precluded 

the discovery of unexpected activities. Moreover, although some enzymes might be inherently 

promiscuous, these reactions may be masked under laboratory conditions, for instance because 

substrates are not present in the cell or separated by compartmentalization, or because 

secondary activities are subject to regulation or redundant with the activities of other enzymes 

[217,374]. To systematically identify promiscuous enzymes, various indirect methods are 

available, including synthetic lethality analyses [375], phenotype correlations [247], multicopy 

suppression [376], metabolic model-guided sequence homology [230,377] or structure-based in 

silico docking [207]. An approach that provides direct experimental evidence is activity-based 

metabolic profiling [252,378], consisting of incubating purified proteins in mixtures of putative 

substrates followed by the identification of depleting and accumulating metabolites diagnostic 

for enzymatic activity. Yet, previous implementations of this approach suffered from insufficient 

throughput to systematically screen large numbers of enzymes [206,340], or from the limited 

scope of employed analytical techniques that only covered selected metabolites or compound 

classes [202]. Consequently, activity-based metabolic profiling has never been systematically 

applied to untargetedly profile a large number of proteins for potential promiscuous activities, 

and direct experimental evidence for postulated wide-spread enzyme promiscuity so far is 

lacking. 

Here, we report the first activity-based specificity analysis of all known metabolic enzymes 

in E. coli. We purified all 1’054 known metabolic enzymes, incubated each of them in a 

concentrated metabolome extract consisting of 10,000 detectable metabolite-derived ions and 

monitored eventual substrate depletion and product formation over time using nontargeted 

mass spectrometry [72]. Our data reveal a considerable number of enzymes catalyzing additional 

reactions, demonstrating many enzymes to be less specific than previously appreciated. 

Results 

Nontargeted activity profiling of all metabolic enzymes in E. coli 

We overexpressed all 1’054 known metabolic enzymes in E. coli using strains of the ASKA 

collection [343] and purified them individually by TALON affinity chromatography. Each purified 

enzyme was incubated in the combined metabolome extracts prepared from E. coli cells grown 

in fermentations under two different nutrient conditions that were supplemented with general 

enzyme cofactors such as NAD+ or ATP and thus represented a source of diverse and naturally 

occurring candidate substrates for eventually catalyzed reactions (Figure 4.2a). Using 

nontargeted flow injection time-of-flight mass spectrometry [72], we recorded the time courses 

of 9’554 detected m/z features (metabolite ions) in all enzyme assays (Figure 4.2a), thereby 

generating a dataset equivalent to ten million single-substrate enzyme assays plus a large 
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combinatorial space spanned by multimolecular reactions. Ions were putatively annotated as 

metabolites by matching their accurate m/z values with the monoisotopic masses of all 

compounds in the Kyoto Encyclopedia of Genes and Genomes (KEGG) E. coli metabolite 

database (Supplementary Online Table 4.1) [158], with the inherent limitation of being unable to 

distinguish between isobaric compounds [72]. After correcting technical biases such as 

instrument drift or batch effects (Supplementary Figure 4.1), we determined relative abundances 

of each metabolite ion at each time point in each enzyme assay relative to its abundance at the 

same time point in all other enzyme assays using Z-score standardization. This approach corrects 

for non-enzymatic metabolite degradation and systematic impurities associated with protein 

purification and allows to detect even small concentration changes of reactants with high 

statistical power.  

To determine the strength of metabolite ion responses in each enzyme assay, we calculated 

average Z-scores (Zav) and rank products (RP) [379,380] over the last five time points (Equations 

1-3, methods). Zav is a measure of response magnitude (expressed in number of standard 

deviations) while RP is complementary in that it provides a measure of response consistency (the 

average effect rank relative to other assays) [379,380]. Exploiting the dynamic nature of our data, 

we additionally fitted Michaelis-Menten-type functions to the metabolite ion time courses to 

estimate response time constants (τ parameter in Equation 4, methods) and long-term 

equilibrium levels (Zeq parameter in Equation 4, methods). The entire dataset is provided in 

Supplementary Online Data Set 4.1, and the derived Zav and RP values as well as the τ and Zeq 

parameters including 95% confidence intervals returned by the fitting procedure are provided in 

Supplementary Online Data Sets 4.2-4.5. The data we obtained is exemplarily visualized in 

Figure 4.2b showing the time courses of all detected metabolite ions in the assay of CobC, a 

predicted multispecific α-ribazole phosphatase and adenosylcobalamin phosphatase that we will 

refer to throughout this work as an illustrative case in point. For this enzyme, we detected the 

depletion of metabolite ions annotated as flavin mononucleotide (FMN) and the accumulation of 

metabolite ions annotated as riboflavin and deoxy-ADP, consistent with CobC additionally 

catalyzing the flavin mononucleotide phosphatase (EC 3.1.3.2) and flavin-deoxyadenosine 

dinucleotide (dFAD) hydrolase (no EC number assigned) reactions (Supplementary Figure 4.2). 

Indeed, the incubation of purified CobC with commercially purchased FMN confirmed the 

conversion of FMN into riboflavin (vitamin B2) and phosphate (Figure 4.2c-d). Moreover, we 

observed that the incubation of CobC with FAD yielded both riboflavin and deoxy-ADP (Figure 

4.2e-f), presumably derived from dFAD contamination in purchased FAD. dFAD is an inhibitor of 

mammalian monoamine oxygenases [381] and its substitution for FAD in mammalian D-amino 

acid oxidases results in a drastic decrease in affinity and activity [382]. Hence, the degradation 

of dFAD by CobC may be a novel instance of metabolite damage repair [349] through which 

riboflavin and deoxy-ADP are recycled and the inhibition of flavin-dependent oxygenases is 

prevented.  
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Figure 4.2 | Discovery of enzyme promiscuity by nontargeted metabolomics. (a) Experimental setup. Proteins 

were expressed using strains from the ASKA collection [343] and purified using TALON technology. Purified 

proteins were incubated in a concentrated metabolome extract prepared from E. coli cells grown in two 

different fed-batch fermentations and supplemented with fifteen general enzyme cofactors such as ATP or 

NADH. Over the course of fifteen minutes, twelve samples of the reaction solutions were taken and quenched 

by dry ice-cooled methanol. Metabolite levels were then measured by nontargeted flow-injection mass 

spectrometry [72]. (b) Time courses of 9,554 metabolite ions in the enzyme assay of CobC. The time courses 

of five ions are highlighted by coloring, together with fitted Michaelis-Menten type models (solid lines) and 

corresponding 95% confidence intervals (shaded areas). Horizontal dashed lines indicate the empirically 

determined Z-score cutoffs (Figure 4.3b). Ion annotation as metabolites was performed based on accurate 

mass and may be ambiguous, refer to Supplementary Online Table 4.1 for complete annotations. (c) Reaction 

formula of CobC-catalyzed dephosphorylation of flavin mononucleotide (FMN). (d) Experimental validation of 

reaction (c) by incubation of purified CobC with flavin mononucleotide. (e) Reaction formula of CobC-catalyzed 

cleavage of deoxy-(flavin adenine dinucleotide) (dFAD). (f) Experimental validation of reaction (e) by incubation 
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of purified CobC with flavin adenine dinucleotide containing dFAD impurities. The cleavage of dFAD into FMN 

and deoxy-adenosine monophosphate was not observed. Data in panels (d) and (f) is shown as mean and 

standard deviation of two replicates, closed symbols indicate active and open symbols heat-inactivated 

enzyme. Additional data is shown in Supplementary Figure 4.2. 

Novel differential metabolite ions reveal widespread promiscuity 

To systematically identify metabolite ions accumulating or depleting due to enzymatic 

reactions, we took advantage of the data we measured for known enzyme-reactant pairs. First, 

we determined whether the values of Zav, RP, Zeq and τ parameters depended on known 

enzymatic activities by performing a receiver operating characteristic (ROC) curve analysis. The 

areas under the ROC curves (AUCs) of the first three parameters were all larger than 0.8 (Figure 

4.3a), demonstrating that they are indeed powerful classifiers to distinguish enzyme reactants 

from noise. In contrast, the AUC of the τ parameter was 0.61, indicating that the response time 

of a metabolite ion in our experiment was largely independent of known enzymatic activity. For 

the Zav, RP, and Zeq parameters we then determined the values at which the respective F1 scores, 

that is, the harmonic means of precision (1 –  false-positive rate) and recall (true-positive rate), 

were maximal (Figure 4.3b), serving as empirical cutoff values to separate metabolite ion 

responses caused by enzymatic activity from noise. We note that the cutoff values we obtained 

(|Zav| > 4, |RP| < 7.5 and |Zeq| > 4.5) are conservative as they maximize the ratio of previously known 

to novel potential reactants.  

We then applied the above cutoffs to identify metabolite ions that depleted or accumulated 

due to enzymatic activity. Whereas we did not observe any differential metabolite ions in 456 

enzyme assays, for example because their expression strains grew poorly or purified proteins 

were inactive, we observed substrate or product ions for 598 enzymes (Figure 4.3c-d and 

Supplementary Online Table 4.2). For 329 of these enzymes at least one differential ion was 

annotated as a metabolite, while for 269 enzymes we observed exclusively non-annotated ions 

(Figure 4.3d). In total, we detected 3’062 enzyme-ion pairs with, on average, four differential ions 

per enzyme and two enzymes affecting each ion (Figure 4.3e-f), demonstrating the observed 

enzyme-ion pairs to be quite specific. For the annotated differential ions, we further classified 

corresponding metabolites according to metabolic pathway membership (Figure 4.3g). 

Metabolites in lipid metabolism pathways were under-represented, likely owing to the polar 

extraction procedure employed in the preparation of the metabolome extract we used as 

substrate source. Presumably for the same reason, differential metabolites in central metabolic 

pathways that tend to be polar and high-abundant were over-represented. Aside from these 

differences, the annotated differential metabolites we detected were generally consistent with 

the known metabolic pathways of E. coli. Thus, our experiments revealed a large number of 

functionally diverse potentially promiscuous enzymes. 
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Figure 4.3 | Identification of enzyme reactants in nontargeted metabolomics data. (a) Receiver-operating 

characteristic (ROC) curves and corresponding areas under the curves (AUCs) of four parameters extracted 

from dynamic nontargeted metabolomics data. (b) Determination of cutoff values for the three parameters with 

large AUCs, i.e. good classification performance. Cutoffs were determined as the parameter values at which 

the F1 scores, that is, the harmonic means of precision and true-positive rate, were approximately maximal. (c) 

Numbers and overlap of enzyme-reactant pairs detected by each classifier. (d) Recovery analysis of screened 

enzymes. (e) Histogram of differential ions observed per enzyme. (f) Histogram of enzymes affecting each 

differential ion. (g) Classification of differential ions according to KEGG [158] metabolic pathway membership. 

Pathway enrichments were determined based on observed frequencies of differential pathway metabolites 

relative to general pathway metabolite representation in the KEGG E. coli pathway database [158]. 

Many promiscuous reactions involve non-annotated metabolite ions 

The many non-annotated differential ions we detected are likely to correspond to non-

canonical metabolites that are not accounted for in the KEGG database we used for annotation. 

Possibly, these metabolites originate from so-called metabolite damage, that is, the non-

functional modification of useful metabolites by promiscuous enzymatic activities [349], or from 

yet unknown metabolic pathways. To identify chemical reactions among ions regardless of their 

annotation, for each enzyme we calculated the exact mass differences between all of its 

substrate and product ions. This mass difference was then matched with a list of 82 reference 
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mass shifts associated with frequent biochemical reactions in the KEGG database 

(Supplementary Figure 4.3). For example, a mass difference of 79.966 corresponds to the loss 

of one P, three O and one H atoms characteristic for dephosphorylation reactions. Using this 

approach, we detected 177 putative reactions catalyzed by 76 enzymes (Figure 4.4a, 

Supplementary Online Table 4.3). In 59 cases at least one of the reactant ions was annotated, 

allowing the identification of possible substrate and product metabolites. Yet, in 118 cases neither 

of the two ions was annotated (Figure 4.4a). With the ongoing refinement of metabolite 

databases, these predictions should provide a valuable resource to identify enzymes eventually 

acting on newly discovered compounds. 

 

 

Figure 4.4 | Reaction prediction from annotated and non-annotated metabolite ions. (a) Classification of 

detected substrate-product ion pairs according to annotation status. (b) Prediction of reaction mechanisms 

associated with substrate-product ion pairs based on matching accurate m/z differences with mass differences 

of known biochemical reactions in the KEGG database [158] (Supplementary Online Table 4.4). (c) Comparison 

of predicted reaction mechanisms with the known reaction mechanisms of cognate enzymes.  
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Beyond identifying pairs of substrate and product ions, this approach further allows to predict 

reaction mechanisms from characteristic mass differences. The four by far most common 

reactions we detected were (de)-phosphorylations, (de)-aminoations, (de)-diphosphorylations 

and (de)hydrogenations (Figure 4.4b), consistent with their frequent representation among 

known enzymes (Supplementary Figure 4.3). For 30 predicted reactions the mechanism 

matched that of a known reaction previously associated with the respective enzyme (Figure 

4.4c), suggesting that these enzymes are able to catalyze the same reaction on different 

substrates. For example, we predicted the phosphatase CobC to additionally dephosphorylate 

the ion m/z = 455.098 to m/z = 375.130. In this particular case, substrate and product ions 

happened to be annotated as FMN and riboflavin, respectively, and subsequent validation 

experiments confirmed that CobC indeed catalyzes the dephosphorylation of FMN (Figure 4.2c-

d and Supplementary Figure 4.2). In most cases, however, the reaction mechanisms of the newly 

identified reactions did not match those of known reactions (Figure 4.4c), indicating that a 

surprisingly large number of enzymes may be able to catalyze mechanistically distinct reactions. 

We noticed that reactions involving only small chemical modifications such as (de)aminations or 

(de)hydrogenations were considerably more frequent than those involving the transfer of large 

moieties such as coenzyme A or glutathione (Figure 4.4b), possibly because the steric 

constraints imposed by the accommodation of large substrate molecules require well-adapted 

active sites that make such promiscuous reactions difficult to reconcile with other enzymatic 

activities. For example, the phosphatase PgpA is predicted to additionally catalyze deamination 

reactions on the two ions m/z = 242.077 and m/z = 278.059. In the first case the substrate and 

product ions were annotated as cytidine and uridine, and in the latter case the substrate was not 

annotated while the product was annotated as thymidine. Thymidine has two keto groups and 

hence two aminated derivatives (4-amino-5-methyluridine or 5-methylcytidine) are chemically 

conceivable, although these are not listed in the KEGG metabolite database. This example 

illustrates how predicted reactions involving non-annotated ions can serve as starting points for 

the discovery of novel enzymatic activities as the knowledge of the metabolome becomes more 

accurate. For the remainder of this study, we will further focus only on annotated metabolite ions 

that allow even finer-grained insights into enzyme promiscuity. 

226 metabolic enzymes affect novel annotated metabolites 

For 226 enzymes acting on annotated ions, we compared the corresponding annotated 

metabolites to the reactants of their known catalyzed reactions. We considered a metabolite ion 

as a known hit if at least one of its possible annotations matched a known reactant. Conversely, 

ions that were not annotated as any known reactant were considered to correspond to novel 

substrates or products. Again, this definition is conservative as it excludes compounds with the 

same molecular mass that are chemically and structurally similar to known reactants and thus 

potentially more likely to be affected by promiscuous activities. For 103 enzymes we only 

detected ions annotated as known reactants, for 60 enzymes we detected both known and novel 

reactants and for 166 enzymes we detected only novel reactants (Figure 4.5a-b). Thus, 68% of 

the E. coli enzymes for which we detected annotated differential ions have additional substrates 

or products.  

To systematically identify chemical reactions in which these novel reactants may have been 

participating, we applied three complementary approaches in addition to the mass-based 
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approach describe above. The first approach is rooted in the well-known phenomenon of 

substrate promiscuity in which the same active site of an enzyme catalyzes the same reaction on 

multiple chemically related substrates and which appears to be the most common type of 

enzyme promiscuity [360,361]. For example, haloacid dehalogenase-like phosphatases 

frequently catalyze the dephosphorylation of various sugar phosphates [202]. Thus, for each 

promiscuous enzyme we queried the KEGG database for reactions involving a novel reactant 

that share the first three EC number digits with previously known reactions, discovering 170 

unique reactant pairs assigned to 58 unique enzymes (Supplementary Online Table 4.5). For 

example, we predicted the bi-specific phosphatase CobC to additionally dephosphorylate the 

redox cofactor FMN, which we were indeed able to validate (Figure 4.2c-d and Supplementary 

Figure 4.2).  

The second approach we used to predict reactant pairs from differential metabolite ions is 

based on the notion of reaction promiscuity that describes an enzyme catalyzing multiple 

mechanistically distinct reactions [361]. A prominent example for this type of enzyme promiscuity 

is the protease chymotrypsin, which in addition to its amidase activity catalyzes the cleavage of 

various chemical bonds including esters or acid chlorides [361]. To identify reactant pairs 

regardless of reaction mechanism, for each enzyme we matched substrate and product 

metabolites with the KEGG main reactant pair database. In total, 58 unique reactant pairs of 35 

unique enzymes were discovered using this approach (Supplementary Online Table 4.6). The 

conceptually related third approach takes into account a special case of reaction promiscuity, in 

which enzymes catalyze different reactions on the same metabolite. To identify such cases, we 

matched reactant pairs involving substrate or product metabolites with reactant pairs involving 

known reactants, this time identifying 29 unique reactant pairs of 22 unique enzymes 

(Supplementary Online Table 4.7). 

As anticipated, these three approaches provided complementary predictions with some 

overlap, together identifying 306 reactant pairs linked to 88 enzymes. (Figure 4.5c). The 

distribution of EC numbers associated with these reactant pairs was largely consistent with the 

EC number distribution of all known E. coli reactions (Figure 4.5d), albeit with an over-

representation of transferases and some method-specific discrepancies. These diverse 

predicted reactant pairs thus considerably facilitate the assignment of enzymatic functions based 

on ambiguously annotated differential metabolite ions, thereby providing valuable starting points 

for further investigations. 
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Figure 4.5 | Two thirds of E. coli enzymes with detected annotated reactants catalyze novel reactions. (a) 

Network representation of enzymes and detected differential metabolite ions (Supplementary Online Table 

4.2), generated with Cytoscape [383]. (b) Classification of enzymes based on whether differential metabolite 

ions were annotated as previously known reactants. (c) Number and overlap of enzymes for which biochemical 

reactions could be predicted from detected reactants using different approaches (Supplementary Online 

Tables 4.5-4.7). (d) Distribution of EC numbers associated with predicted biochemical reactions. 

Experimental validation of the promiscuous activities of selected enzymes 

To test the accuracy of the predicted promiscuous reaction, we exemplarily selected nine 

enzymes with predicted promiscuous activities for experimental validation based on their 

functional relevance and commercial availability of predicted substrates. To this end, proteins 

were purified and incubated with commercially purchased substrates of their predicted 

promiscuous reactions. The formation of expected reaction products over time, as monitored by 
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mass spectrometry, was considered as confirmation of a predicted promiscuous activity. In three 

cases we were unable to confirm our predictions, most likely owing to ambiguous metabolite 

annotations that may have led to inaccurate reaction predictions. Nevertheless, we confirmed 

the promiscuous activities of six metabolic enzymes. Adenosine deaminase (Add) additionally 

catalyzes the hydratation of fumarate to malate, making it an isoenzyme to the TCA cycle 

enzymes FumA, FumB and FumC (Supplementary Figure 4.4). Cobalamin phosphatase/α-

ribazole phosphatase (CobC) additionally catalyzes the dephosphorylation of FMN to riboflavin, 

as well as the cleavage of deoxy-FAD to riboflavin and dADP (Supplementary Figure 4.2). The 

purine deoxynucleoside phosphorylase (DeoA) additionally catalyzes the phosphorolysis of the 

purine non-deoxynucleosides uridine and cytidine, yielding ribose 1-phosphate as well as uracil 

and cytosine, respectively (Supplementary Figure 4.5). N-acetylmannosamine kinase (NanK) 

additionally has ATP-dependent kinase activity on D-fructose yielding D-fructose 6-phosphate 

and ADP, as well as ITP-dependent kinase activity on D-mannose yielding D-mannose 6-

phosphate and IDP (Supplementary Figure 4.6). Methylthioadenosine nucleosidase/S-adenosyl-

homocysteine nucleosidase (Pfs) additionally catalyzes the hydrolysis of S-adenosyl-L-

homocysteine (SAH) at the 5’-position yielding adenosine and L-homocysteine, the hydrolysis of 

S-ribosyl-L-homocysteine at the 5’-position yielding homocysteine and adenine as well as the 

hydrolysis of adenosine yielding D-ribose and adenine. Moreover, Pfs also cleaves S-adenosyl-

L-methionine (SAM) at both the 2’ and 5’-positions, yielding S-ribosyl-L-methionine and adenine 

as well as adenosine and L-methionine, respectively. Finally, also the intermediates adenosine 

and S-ribosyl-L-methionine are further cleaved, yielding to D-ribose as well as adenine and L-

methionine, respectively, meaning that Pfs is able to completely degrade the two cofactors SAH 

and SAM into their building blocks (Supplementary Figure 4.7). Ribonucleoside hydrolase (RihB) 

additionally catalyzes the hydrolysis of the pyrimidine (deoxy)-nucleosides guanosine, 

deoxyuridine and thymidine as well as of the purine nucleoside xanthosine, yielding (2-

deoxy)ribose and guanine, uracil, thymine and xanthine, respectively (Supplementary Figure 

4.8). Thus, our successful validation experiments indicate that many of the promiscuous 

reactions our screen identified are likely to be indeed biochemically meaningful and provide the 

necessary confidence for our subsequent analyses. 

Model-guided prediction of condition-dependent promiscuous enzyme usage 

We sought to obtain deeper insights into the global metabolic role of the large number of 

promiscuous enzymes revealed by our screen. To this end, we adopted a constraint-based 

modeling approach, as genome-scale metabolic models provide a suitable framework to 

contextualize the discovered promiscuous reactions within the entire metabolic network, thereby 

enabling a systematic analysis and simulation of their effect on metabolism [172]. As a basis for 

our analyses we used the latest metabolic reconstruction of E. coli [348]. Consistent with previous 

analyses of an earlier version of this model [220,384], 38% of the enzymes in this model catalyze 

multiple reactions and thus are “generalists”, as opposed to 62% of “specialist” enzymes. Based 

on whether we observed any novel annotated differential metabolites, we re-classified 118 

metabolic enzymes in this model previously assumed to be specialists as generalists, leading to 

a total number of 510 (corresponding to 49%) generalist enzymes in E. coli (Figure 4.6a). An 

additional 55 enzymes which we found to affect novel reactants were already classified as 

generalists.  
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We next updated the metabolic model of E. coli by adding the promiscuous reactions we 

discovered. To identify complete reactions involving the detected reactant pairs as well as 

potential co-substrates and cofactors including correct stoichiometry and directionality, we 

matched detected reactant pairs of each enzyme with the KEGG reaction database. In cases 

where a reactant pair was part of multiple reactions that for instance differed in cofactor 

requirements, we selected the reaction of which our screen identified the most differential 

reactants and, in case of remaining ambiguity, requiring the least number of changes to the 

original metabolic model. In total, for 250 out of the 306 detected enzyme-reactant pair 

combinations we were able to specifically identify a single corresponding reaction, together 

amounting to 193 unique promiscuous reactions (Supplementary Online Table 4.8 and 

Supplementary Figure 4.9a-b). Ambiguous reactions were not added to the model and excluded 

from further analyses. In total, we added 13 unique novel genes (+1%), 164 novel reactions (+6%) 

and 146 novel metabolites (+13%) to the model, for seven reactions that were already present we 

changed the flux constraints to allow reversibility and for the remaining reactions we updated 

the gene-reaction assignment (Supplementary Figure 4.9c and Supplementary Online Table 

4.8 and Supplementary Online Model 4.1).  

Using our augmented model, we first examined which of the 193 promiscuous reactions were 

fully connected to the remaining metabolic network and thus in principle able to carry flux. To 

this end, we performed a flux balance analysis (FBA) on 184 growth-enabling in silico media each 

containing a different sole carbon source (Figure 4.6b and Supplementary Online Table 4.9). 

The model predicted 23% of the promiscuous reactions to carry flux in ten or more diverse 

growth conditions, indicating that these reactions may have general physiological relevance 

(Figure 4.6c-d and Supplementary Online Table 4.9). An additional 9% of the promiscuous 

reactions carried flux only under one to ten conditions, suggesting a more specific biological 

function. One example is the promiscuous phenylpyruvate carboxy-lyase reaction catalyzed by 

glutamate decarboxylase GadA that carries flux only when L-phenylalanine (Phe), quinate or 

shikimate are sole carbon sources (Figure 4.6c) and which is the reason while the augmented 

model, but not the promiscuous model, predicts E. coli to be able to grow on these three 

substrates. Yet, growth experiments did not reveal detectable growth of E. coli on either of these 

substrates (data not shown), presumably because gadA is mainly expressed under acid stress 

and other adverse conditions during stationary phase which likely results in low phenylpyruvate 

carboxy-lyase activity in growing cells [385]. In summary, for one third of the discovered 

promiscuous reactions our modeling-based approach predicts that they are utilized under 

various environmental conditions, while two thirds of the did not carry flux under any condition. 

Conceivably, these reactions may indeed be utilized in vivo under specific conditions not 

captured by our simulations, or their use could not be detected due to gaps in the model 

topology [386]. Another possibility is that these reactions do not directly contribute to biomass 

formation but serve other purposes, such as the detoxification of inhibitory compounds or the 

repair of so-called metabolite damage [349] that are beyond the scope of our constraint-based 

model. 
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Figure 4.6 | Genome-scale metabolic model predicts condition-dependent usage of promiscuous reactions. 

(a) Classification of enzymes in a genome-scale metabolic model of E. coli [348] according whether they 

catalyze one (“specialists”) or multiple (“generalists”) reactions. (b) Chemical classification of the 184 carbon 

sources used for the flux balance analysis-based prediction of reaction usage (Supplementary Online Table 

4.9). (c) Flux balance analysis in 184 simulated growth media with different carbon sources of the metabolic 

model of E. coli augmented with 193 promiscuous reactions. Promiscuous reactions carrying flux are 

highlighted by coloring and are hierarchically clustered based on squared Euclidean distance. Flux 

distributions of promiscuous reactions in media with the three carbon sources L-phenylalanine, quinate and 

shikimate are highlighted. (d) Classification of promiscuous reactions according to the number of carbon 

sources in which they are predicted to carry flux. Legend as in panel (c). 
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Discovered promiscuous reactions are well-integrated into the metabolic network 

To determine whether the seemingly large number of unused reactions is due to 

promiscuous enzymes exploring a random space of chemical reactions rather than reactions 

more closely related to the metabolic network of E. coli, we generated 10,000 control models by 

randomly adding 164 novel reactions to the base model. We noticed that, given the same number 

of added reactions, it was unlikely (P = 0.0004, t-test) to concomitantly add as few metabolites 

as in the augmented model (Figure 4.7a). On average, adding 164 novel reactions required the 

addition of 190 metabolites, whereas in the augmented model only 156 metabolites needed to 

be added. This shows that the promiscuous reactions we discovered are significantly better 

connected to the known metabolic network of E. coli than one would expect by chance. To 

corroborate this observation, we selected 1,000 control models with numbers of reactions and 

metabolites identical to the augmented model and counted for every novel metabolite the 

number of reactions in which this metabolite participated. Indeed, the metabolites in the model 

augmented by our experimentally discovered promiscuous reactions were more than twice as 

frequently connected to multiple reactions as in the control models (Figure 4.7b). Together, 

these analyses show that although the number of unused reactions and (partially) disconnected 

metabolites at first may seem large, the discovered promiscuous reactions were better 

integrated into the metabolic network than random reactions, suggesting that they are 

physiologically relevant. 

Promiscuity contributes to cellular fitness by enhancing metabolic evolvability 

We next examined whether the promiscuous reactions we discovered would constitute a 

fitness advantage when E. coli is faced with the adaptation to novel environments. Specifically, 

we asked whether the promiscuous reactions we observed would facilitate the evolution of E. 

coli’s ability to utilize novel carbon sources. To test this hypothesis, we calculated the costs 

associated with the acquisition of novel metabolites as sole carbon and energy source in both 

the base and the augmented model. First, the novel potential carbon source metabolites we 

considered all required the addition of one novel reaction to convert them into any one of the 

metabolites already present in the models, which in biological terms could be achieved through 

horizontal gene transfer [387] or the evolution of a novel enzymatic activity. As expected based 

on the expanded model topology, the augmented model was able to potentially reach more 

metabolites (N = 2,041) than the base model (N = 2,016) (Figure 4.7c). The 1,000 control models 

were on average able to reach significantly more metabolites (N = 2,088, P = 0.02), again 

confirming that the metabolites added to our augmented model were better connected and 

hence chemically closer to the remaining metabolic network. Second, for each of these 

reachable metabolites we calculated the length of the shortest paths of biochemical reactions 

required to convert it into metabolites already known to function as sole carbon and energy 

source. This approach assumes that cells will continue to use established catabolic pathways 

evolutionarily optimized for growth while extending them to incorporate novel substrates, which 

amounts to a parsimonious utilization of available resources and avoids having to consider the 

less likely evolution of entirely novel catabolic pathways. Third, we calculated the cost of 

converting each reachable metabolite into each sole carbon and energy source by weighing the 

required reactions according to the maximum flux they could carry under diverse growth 

conditions. Here, we again adopt the principle of parsimonious evolution and assume that 
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reactions able to carry high flux are less costly to evolve into a new part of a catabolic pathway 

because cells already have established mechanisms to sustain sufficiently high reaction rates. 

Conversely, the utilization of reactions known to carry only little flux is assumed to be costlier, 

since cells would have to additionally optimize cognate enzymes or alter their regulation or 

abundance to support the high fluxes characteristic for central catabolic pathways. The principle 

behind this approach is illustrated in Figure 4.7d. 

 

 

Figure 4.7 | Promiscuous enzymes promote metabolic evolvability. (a) Number of metabolites that need to 

be added when augmenting the base metabolic model with 193 random reactions. This is the same number 

as promiscuous reactions added to the model based on our experimental data. P-value was calculated based 

on a random permutation test. (b) Histogram of the number of reactions connected to added metabolites. The 
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1’000 control models were augmented with 164 random reactions and 156 metabolites, the same numbers as 

in the model augmented with experimentally discovered promiscuous reactions. (c) Histogram of the number 

of reachable metabolites, defined as compounds not present in the models but one reaction away from at 

least one model metabolite. (d) Approach to calculate costs of metabolic evolution towards the utilization of a 

novel carbon source. Costs were calculated as the shortest reaction path from an entry metabolite to the 

closest growth-supporting carbon source metabolite. Reactions were weighted based on their maximal 

predicted flux among 180 growth conditions. (e) Summed costs for 811 potential novel carbon sources 

reachable by all models. Empirical P-values were estimated from the cost distribution of 1’000 random 

pathways sampled from each control model with identical average length as predicted assimilation pathways 

and linked to growth-supporting metabolites. (f) The augmented model predicts the metabolic evolution 

towards the utilization of spermidine as sole carbon source to be cheaper than predicted by the base model. 

 

We then calculated the costs of evolving the metabolic network to acquire 811 novel carbon 

sources reachable by all models according to the above approach. Both the augmented model 

and the control models predicted lower total costs for acquiring these novel carbon sources than 

the base model (P < 0.012, unpaired t-test), confirming that promiscuous reactions can indeed 

facilitate metabolic evolvability (Figure 4.7e). Moreover, the augmented model predicted costs 

to be significantly lower than the control models (P = 0.011), suggesting that the promiscuous 

reactions we discovered may confer a particularly strong fitness advantage. This difference likely 

stems from the better interconnectivity between discovered promiscuous reactions and the 

remaining metabolic network (Figure 4.7b) that enables the use of promiscuous reactions as part 

of novel potential catabolic pathways. An emblematic example is shown for the potential 

evolutionary trajectory towards dehydrospermidine utilization (Figure 4.7f). The base model 

predicts dehydrospermidine to enter the metabolic network via conversion to spermidine, which 

is then converted in four reactions to the carbon source L-threonine. Conversely, the augmented 

model predicts dehydrospermidine to enter the network via 1,3-diaminopropane, which is 

converted to L-threonine in a five-step pathway involving the promiscuous 

carboxynorspermidine:NADP+ oxidoreductase reaction catalyzed by MetF and ThrA. Although 

the latter pathway is longer, its reactions are able to carry considerably higher flux, resulting in 

lower dehydrospermidine assimilation costs of 2’000 units compared to 2’414 units predicted by 

the base model. In summary, our analysis predicts that the promiscuous reactions we discovered 

indeed contribute to metabolic evolvability, thereby facilitating the adaptation of E. coli to novel 

environments. 

Discussion 

Metabolic enzymes have long thought to be highly specific catalysts [358], but accumulating 

evidence now suggests that many, if not most, enzymes catalyze promiscuous reactions 

[213,220,388,389]. Identifying all reactions catalyzed by an enzyme can provide a better 

understanding of its evolution and is key to charting accurate topologies of metabolic networks 

[373], but has never been attempted experimentally for a large number of enzymes. In this study 

we tested all metabolic enzymes of E. coli for promiscuous catalytic activity towards thousands 

of candidate substrates using nontargeted metabolomics. For 495 enzymes, we observed 
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accumulating or depleting metabolite ions that we were unable to associate with known 

reactants, suggesting their conversion to result from promiscuous activity. Using a constraint-

based modeling approach, we found these promiscuous reactions to be significantly better 

integrated into the metabolic network than one would expect from random reactions. Finally, our 

modeling approach predicts that these promiscuous reactions increase metabolic plasticity, 

thereby facilitating the evolution of E. coli to utilize novel carbon sources. 

In contrast to most other methods that have been used to discover enzyme promiscuity, our 

nontargeted metabolomics-based enzyme assays provide direct experimental evidence for 

catalytic activity. Moreover, no prior assumptions about the catalytic space to be explored have 

to be made, thereby enabling the largely unbiased discovery of promiscuous reactions. The 

advantage of our approach is vividly illustrated in the large number of promiscuous enzymes 

acting on non-annotated ions, many of which could correspond to non-canonical metabolites 

currently not listed in databases or to compounds that remain to be discovered. Some of these 

unknown metabolites might be the results of undesired side activities converting useful 

intermediates into useless or even toxic waste products, and promiscuous reactions 

consequently might contribute to the repair of this so-called metabolite damage [349,390]. Other 

unknown metabolites could belong to yet unexplored metabolic pathways that have so far 

remained obscured by their irrelevance under laboratory conditions, a possibility supported by 

the large number of phylogenetically conserved functionally uncharacterized genes that, even 

in E. coli, make up over 30% of its genome [200,391].  

The physiological role of promiscuous reactions obviously depends on the net rates at which 

they take place in the cell. High-rate promiscuous reactions could strongly influence metabolic 

flux distributions by linking the activities of seemingly disconnected pathways through enzyme- 

or gene-sharing [214,368,392], thereby providing a simple but potentially inflexible regulatory 

strategy to coordinate metabolic tasks. Conversely, low-rate promiscuous reactions may provide 

pivotal starting points for the evolution of new enzyme functions [372,393] or contribute to the 

formation of compounds biologically active at low concentrations, such as signaling molecules 

or rare cofactors. Our nontargeted in vitro activity assays were not designed to determine 

absolute in vivo reaction rates, yet previous evidence suggests that the rates of many 

promiscuous reactions are lower than those of the principal reactions of corresponding enzymes 

[220]. Thus, it is likely that many promiscuous activities we discovered are relatively weak, which 

would also explain why they have so far not been reported.  

An intriguing result from our study was the predicted contribution of promiscuous enzymes 

to cellular fitness by facilitating the utilization of novel carbon sources. The theory that enzyme 

promiscuity can give, and indeed has given, rise to novel metabolic pathways through series of 

gene duplication and specialization events is widely accepted and supported by broad evidence 

[362,394]. Building on this theory, we integrated the promiscuous reactions we discovered into 

a genome-scale metabolic model to predict hypothetic pathways through which novel carbon 

sources could be assimilated most efficiently given appropriate evolutionary incentives. As 

anticipated, we found enzyme promiscuity to reduce predicted evolutionary costs associated 

with this process, but surprisingly this effect was much stronger in the model augmented with 

the actually discovered reactions than in models augmented with random reactions. This 
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suggests that, although promiscuity in general contributes to metabolic evolvability [372], the 

network context of promiscuous reactions considerably influences the magnitude of associated 

fitness benefits. In particular, the relatively good connections between the discovered 

promiscuous reactions and the remaining network was fundamental to their participation in novel 

hypothetical catabolic pathways. A potential application of our evolutionary model is the 

prediction of metabolic pathways that will be used for the assimilation of novel carbon sources, 

as our model not only predicts associated costs but specific reaction sequences. This could, for 

example, be exploited in metabolic engineering to design optimized pathways for the utilization 

of non-natural substrates in bioproduction processes. In another unexplored venue, our model 

could be used to predict which novel carbon sources might be cheapest, and hence most likely, 

E. coli could evolve to utilize, thereby providing informative cases to investigate associated 

evolutionary trajectories. Importantly, we note that our model does not take into account any 

regulatory or compensatory mechanisms that might make predicted assimilation routes 

biologically infeasible. The inclusion of in vivo enzyme concentrations or kinetic parameters in 

future studies could improve the accuracy of our cost estimate.  

In all, our study revealed promiscuity to be a general property of enzymes throughout E. 

coli’s metabolism. Moreover, this work provides unprecedented insights into the contribution of 

enzyme promiscuity to metabolic evolvability and cellular fitness. We anticipate that the dataset 

we generated will provide the starting points for diverse studies that could focus on elucidating 

the biological roles of specific promiscuous enzymes, assigning functions to the large number of 

currently unknown metabolites or further exploring the role of promiscuity at systems scale. 

Finally, the considerable number of enzymes for which we did not detect any activity implies that 

even the many promiscuous reactions our study revealed might only be a glimpse on the true 

extent of promiscuity in metabolism. 
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Material and methods 

Media and bacterial cell cultivation. All E. coli strains used in this study were obtained from the 

ASKA collection [343]. These strains were derived from E. coli K-12 AG1 and harbored plasmid 

pCA24N conferring chloramphenicol resistance and carrying a His6-tagged open reading frame 

under the control of an isopropyl-β-D-thiogalactoside (IPTG)-inducible T5-lac promoter. Cultures 

were inoculated from -80° C glycerol stocks, and cultivation was performed in LB medium (10 g/L 

Bacto tryptone, 5 g/L Bacto yeast extract, 5 g/L NaCl, pH 7.4) in presence of 100 µM IPTG and 

100 µM chloramphenicol for 16 h at 37° C shaking at 300 rpm. For the screen, 96-well deepwell 

blocks with 1.5 mL medium/well were used, whereas for the validation experiments 500 mL 

baffled shake flasks with 50 mL medium were used.  

Protein purification (enzyme screen). Cells were pelleted by centrifugation (10 min at 4,000 x g) 

and resuspended in 400 µL of lysis buffer (20 mM sodium phosphate, 1 mM MgCl2, 20 mM 

imidazole, 500 mM NaCl, 1 mM phenylmethanesulfonyl fluoride, 2 mg/mL lysozyme (Fluka), 0.2 

mg/mL DNAse I (Roche), pH 7.4). After incubation at 30° C for 30 min, lysis was completed by 

three repeated cycles of freezing (-80° C) and thawing (30° C). Cell lysates were applied to 96-

well format Co2+-charged TALON affinity columns (GE Healthcare) and washed twice with 20 

column volumes of washing buffer (20 mM sodium phosphate, 500 mM NaCl, 20 mM imidazole, 

pH 7.5). Proteins were eluted from the column with elution buffer (20 mM sodium phosphate, 

500 mM NaCl, 500 mM imidazole, pH 7.5) which was subsequently replaced by storage buffer 

(2 mM TrisHCl, 1 mM MgCl2, pH 7.4) using 96-well ultrafiltration plates with 10 kDa molecular 

weight cutoff, and proteins were stored at 4° C at most 1 day before performing activity assays. 

We recorded for each purified protein its concentration and the growth of its expression strain 

(Supplementary Figure 4.10 and Supplementary Online Table 4.10). 

Quantification of cell growth and protein concentration. Cell growth was quantified by 

measuring the absorbance at 595 nm of the expression cultures prior to harvest. For this, 50 µL 

of overnight culture were diluted with 100 µL of saline (0.9% NaCl, 1 mM MgCl2) in 96-well clear 

flat bottom plates to obtain absorbance values of less than 1. Protein yield was quantified by 

adding 5 µL of purified protein solution to 150 µL of Bradford reagent (Biorad), incubating for 10 

min at room temperature and measuring the absorbances at 590 and 450 nm, respectively. The 

ratio of A(590) over A(450) linearly correlates with the protein concentration over a wide range 

[352]. Quantification was performed based on a dilution series of bovine serum albumin (BSA). 

Fed-batch fermentations for metabolite extract preparation. The fermentation vessel used for 

cultivation of E. coli K-12 BW25113 had a nominal volume of 2.4 L (Bioengineering) and was 

equipped with a 3-level radial flow impeller (d = 3 cm) set to 1,000 rpm and aerated with sterile 

air at 1 L gas/L liquid/min (vvm), at an operating pressure of 1.2 bar. pH was set to 7.0 and 

controlled by addition of 28% (w/v) NH4OH or 5M HCl, and temperature was set to 37° C. The 

initial medium for glucose minimal medium fermentation contained 5 g/L glucose, 14.8 g/L 

KH2PO4, 4.44 g/L (NH4)2HPO4, 1.9 g/L sodium citrate, 1.33 g/L MgSO4, 5 mg/L thiamineHCl as well 

as 9 mL/L trace element solution (0.18 g/L ZnSO4•7 H2O, 0.12 g/L CuCl2•2 H2O, 0.12 g/L 

MnSO4•H2O, 0.18 g/L CoCl2•6 H2O) [353]. The initial medium for glycerol complex medium 

fermentation contained 3 g/L glycerol, 12 g/L Bactro tryptone, 24 g/L Bacto yeast extract, 2.2 g/L 
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KH2PO4, 9.4 g/L K2HPO4. Polypropylene glycol was added as required to prevent foam formation. 

After inoculating 750 mL of initial medium with 50 mL of overnight preculture in LB medium, feed 

medium of increasing substrate concentration (same composition as initial medium, but with 10-

25-100 g/L glucose for the glucose fermentation and 6-15-60 g/L glycerol for the glycerol 

fermentation) was added at a constant rate of 2 mL/min. The low-concentrated feed was added 

for a duration of 12 h, the medium-concentrated feed for another 4 h, and finally the high-

concentrated feed until the fermentations were aborted at an optical cell density at 600 nm of 17 

for the minimal medium batch and 22 for the complex medium batch. 

Preparative metabolite extraction. 50 mL aliquots of fermentation broth were transferred to 50 

mL tubes directly from the fermenter and pelleted by fast centrifugation (1 min at 14’000 rpm at 

0° C). The dry cell weight (DCW) contained in each tube was estimated from the culture OD using 

a coefficient of 0.38 mg DCW/OD/mL [354]. The supernatant was discarded and the pellets were 

flash-frozen in liquid nitrogen. Subsequently, each pellet was extracted with 20 mL of 60:40%-

(v/v) ethanol:water at 80° C for 10 min with occasional vortexing. All extracts were pooled, and 

the samples were dried under vacuum using a SpeedVac (Christ). The extracted metabolites 

were resuspended in H2O per tube to attain physiological concentration, considering a 

coefficient of 1.63 µL of intracellular fluid/mg DCW [354]. Aliquots of the extracts of both 

fermentations were stored separately at -80° C prior to further use. 

Nontargeted dynamic enzyme activity assays. The assay mixture for each enzyme contained 

68.25 µL assay buffer (2 mM Tris-HCl, 2 mM MgCl2, pH 7.5), 9.75 µL 10-fold concentrated cofactor 

mix (1 mM of each ATP, GTP, UTP, TTP, CTP, ITP, NADH, NAD+, NADPH, NADP+, FAD, glutathione, 

CoA, acetyl-CoA, SAM, tetrahydrofolate), 9.75 µL of E. coli metabolite extract cultivated on 

glucose minimal medium and 9.75 µL of E. coli metabolite extract cultivated on glycerol complex 

medium. Assay mixtures were pre-warmed for 5 min at 37° C and assays were started by adding 

2.5 µL of purified enzyme previously stored on ice. At twelve time points (15 s, 30 s, 45 s, 60 s, 2 

min, 3 min, 4 min, 5 min, 6 min, 7 min, 8 min, 15 min) 5 µL aliquots of the reaction mixture were 

sampled and mixed with 95 µL of quenching solution (75% methanol, 25% assay buffer, chilled 

on dry ice) to stop the reaction. Using eight-channel pipettes, always eight enzyme assays were 

performed in parallel. After completing eight assays the 96-well plate with the quenched reaction 

solutions was sealed and stored at -80° C prior to mass-spectrometric analysis. 

Flow injection time-of-flight mass spectrometry. The analysis of quenched enzyme assay 

samples was performed on a platform consisting of a Hitachi L-7100 liquid chromatography pump 

coupled to a Gerstel MPS2 autosampler and an Agilent 6550 IonFunnel QTOF mass 

spectrometer (Agilent, Santa Clara, CA) operated with published settings [72]. The isocratic flow 

rate was 150 μL/min of mobile phase consisting of isopropanol:water (60:40, v/v) buffered with 5 

mM ammonium fluoride at pH 9 for negative ionization mode. For online mass axis correction, 2-

propanol (in the mobile phase), taurocholic acid and Hexakis(1H, 1H, 3H-

tetrafluoropropoxy)phosphazine were used. Mass spectra were recorded in profile mode from 

50 to 1,000 m/z with a frequency of 1.4 spectra/sec using the highest available resolving power 

(4 GHz HiRes). Source temperature was set to 325 °C, with 5 L/min drying gas and a nebulizer 

pressure of 30 psig. Fragmentor, skimmer and octupole voltages were set to 175 V, 65 V and 

750 V, respectively. 
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Spectral data processing and annotation. All steps of mass spectrometry data processing and 

analysis were performed with Matlab R2015a (The Mathworks, Natick) using functions embedded 

in the Bioinformatics, Statistics, Database, and Parallel Computing toolboxes as described 

previously [72]. Briefly, peak detection was done for each sample once on the total profile 

spectrum obtained by summing all single scans recorded over time and using wavelet 

decomposition as provided by the Bioinformatics toolbox. In this procedure, we applied a cutoff 

to filter peaks of less than 5,000 ion counts (in the summed spectrum) to avoid the detection of 

artifacts. Centroid lists from samples were then merged into a single matrix by binning the 

accurate centroid masses within the tolerance given by the instrument resolution. The resulting 

matrix lists the intensity of each mass peak in each analyzed sample. An accurate common m/z 

was recalculated with a weighted average of the values obtained from independent centroiding. 

After merging, ions were annotated based on accurate mass using 0.005 Da tolerance. 

Annotation was performed assumung [M-H]- and [M+F]- as the dominant ions in negative mode. 

Additionally, the following commonly observed abiotic adducts were considered: 12C->13C, H->Na, 

H->K, +NaCl. We used the KEGG E. coli compound database [158] as reference for annotation. 

Data processing and standardization. The raw dataset consisting of a matrix of intensities 

values for 9,554 detected ions in 12,672 samples was processed the following way: i) median 

filter subtraction for each ion at each time point over chronologically sorted enzyme assays to 

correct for instrument sensitivity drifts and other systematic temporal trends; ii) log2-normalization 

of ion abundances to the median abundance of each ion at each time point over all enzymes to 

assign equal weight to accumulating and decreasing ions; iii) iterative bi-Z-score (Equation 1) 

standardization, first for the abundance of each ion in each enzyme assay relative to its 

abundance in all other enzyme assays and time points, then for the abundance of each ion in an 

enzyme assay relative to the abundance of all other ions in the same enzyme assay, repeated 

for five iterations; iv) correction of individual outliers e.g. caused by pipetting mistakes by one-

dimensional median filtering of each temporal ion profile in each enzyme assay. The effect of 

each data processing step is further explained and visualized in Supplementary Figure 4.1. 
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Quantification of metabolite ion responses and curve fitting. Zav was calculated as the 

arithmetic mean of the Z-scores of each ion in each enzyme assay at the last five time points 

(Equation 2).  
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RP was calculated as the geometric mean of the Z-score-based rank of an ions abundance in an 

enzyme assay at the last five time points compared to its abundance in all other enzyme assays 

at these time points (Equation 3). Ranking was performed both ascendingly (small Z-scores, i.e. 

substrates, get low ranks) and descendingly (large Z-scores, i.e. products, get low ranks). Since 

both rankings are symmetric, only the one returning the lowest rank product for an ion was used, 

and original ranking order was indicated by multiplying ascending ranks by -1 to indicate a low 
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relative abundance). Extensive details on the rank product method are provided elsewhere 

[379,380].  
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Finally, we fitted a Michaelis-Menten-type model with the two parameters τ and Zeq (Equation 4) 

to the temporal profile of each ion in each enzyme assay. In cases where the relative errors of τ 

and Zeq exceeded ±50% their values were set to zero to return only accurately estimated 

parameters.  
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Protein purification (validation experiments). Cells were pelleted by centrifugation (10 min at 

4,000 x g), resuspended in 4 mL of lysis buffer (100 mM TrisHCl, 5 mM MgCl2, 2 mM dithiothreitol, 

4 mM phenylmethanesulfonyl fluoride, pH 7.5) and cooled on ice. Lysis was performed by three 

passages through a FrenchPress system (Simo Aminco) with pressure cells precooled at 4° C 

and operated at 1,000 psig. Cell lysates were applied to Co2+-charged TALON affinity columns 

(0.5 mL column volume, GE Healthcare) providing higher purity than conventional Ni2+-charged 

resins, and washed twice with 20 column volumes of washing buffer (20 mM sodium phosphate, 

500 mM NaCl, 20 mM imidazole, pH 7.5). Subsequently, step gradient elution with elution buffer 

(20 mM sodium phosphate, 500 mM NaCl, pH 7.5) containing 60, 100 and 500 mM imidazole 

was performed, and the fractions containing the target protein (as identified by SDS-PAGE) were 

selected for further purification. Buffer of the selected fractions was exchanged to 10 mM TrisHCl 

pH 7.5 by three ultrafiltration steps using spin columns with 10 kDa molecular weight cutoff 

(Millipore). In a second purification step, the eluates of the affinity purification were applied to an 

anion exchange column packed with 1.5 mL Q-Sepharose High Performance resin (GE 

Healthcare) pre-loaded with Cl- ions. Proteins were eluted in 4 mL fractions with a step gradient 

of 100, 200 and 500 mM NaCl in 20 mM phosphate buffer at pH 7.5 supplemented with 1 mM 

MgCl2 at a flow rate of 1 mL/min. Fractions containing the target proteins (as determined by SDS-

PAGE) were pooled and concentrated to a final volume of 1 mL in buffer containing 100 mM 

TrisHCl pH 7.5 and 10 mM MgCl2 using ultrafiltration spin columns (Millipore) with a molecular 

weight cutoff of 10 kDa. 

Validation enzyme assays with pure substrates. Purified enzymes were incubated at 37° C at a 

protein concentration of 50 µg/mL in 150 µL buffer containing 10 mM TrisHCl pH 7.5, 1 mM MgCl2 

and 10 mM of each substrate. Compounds were purchased from Sigma Aldrich at the highest 

available purity. At indicated time points, 10 µL of the reaction solution were transferred to 30 µL 

methanol cooled by dry ice to quench the reaction by enzyme denaturation. Reactant 

concentrations were subsequently measured by time-of-flight mass spectrometry [72]. Each 

experiment was performed at least in duplicates and with at least two independent enzyme 

purifications. As negative controls, heat-inactivated (60 min at 95° C) proteins were used. 
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Gel electrophoresis (SDS-PAGE). Gel electrophoresis was performed using precast 12-well 1 mm 

thick NuPAGE 4-12% Bis-Tris Gels (Novex) together with premixed NuPAGE MOPS SDS running 

buffer (Novex) at a constant voltage of 100 V with a PowerPac 1000 power supply (Biorad). Gels 

were stained in 50:40:10% (v/v) methanol:water:glacial acetic acid containing 2 g/L Coomassie 

brilliant blue R-250 at room temperature for 3 h, and destained in the same solution without the 

Coomassie dye until background coloring was negligible. Gels were digitalized using a scanner 

(Hewlett-Packard). 

Genome-scale metabolic model augmentation and flux simulations. All analyses involving 

genome-scale metabolic models are based on the E. coli iJO1366 reconstruction published 

previously [348] using whenever possible functions embedded in the Matlab implementation of 

the COBRA toolbox version 2.05 [105]. For each promiscuous reaction with a complete reaction 

equation, we first checked whether it was already present in the model, and if so, simply updated 

the gene-reaction assignment and, if necessary, the reversibility flag. Reactions not in the model 

were added using the stoichiometric coefficients from KEGG and constraining directionality 

according to the directions observed in our experiments. Metabolites not present in the model 

were added. Details on the added reactions are provided in Supplementary Online Table 4.8. 

Growth-supporting carbon sources of the base model and the augmented model were identified 

as enabling growth according to flux balance analyses [66] optimizing for biomass formation with 

ammonium as nitrogen source, sulfate as sulfur source and phosphate as phosphorus source, 

and are listed in Supplementary Online Table 4.9.  

Generation of control metabolic models. Control metabolic models were generated by adding 

the same number of reactions as in the augmented model through random sampling from the 

KEGG reaction database without replacement. For each control model the number of added 

metabolites was determined, and 1,000 models with exactly the same number of added 

metabolites as the control model were kept for subsequent analyses.  

Cost calculation of metabolic evolvability towards novel carbon source utilization. Reachable 

metabolites, defined as sharing a KEGG main reactant pair with at least one model metabolite 

(termed entry metabolites), were selected among all carbon-containing metabolites from the 

KEGG metabolite database. For each entry metabolite the shortest paths of chemical reactions 

to all growth-supporting metabolites were calculated using Dijkstra’s graph-based algorithm 

[395]. As weights of a reaction (edge), we assigned the maximum flux through this reaction under 

181 different carbon sources, as determined by flux balance analysis. Blocked reactions were 

assigned an arbitrary penalizing weight of 1∙106. Costs for each reachable metabolite were then 

defined as the shortest path among all shortest paths of its entry metabolite to all growth-

supporting metabolites. Reachable metabolites with infinite costs, i.e. non-convertible to any 

carbon source, were not considered for further analyses. Total evolvability costs for each model 

were then calculated as the sum of all remaining reachable metabolites.  
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Supplementary information 

 

 

Supplementary Figure 4.1 | Data processing and standardization. All panels exemplarily refer to the ions m/z 

455.098, annotated as flavin mononucleotide (FMN), and m/z 375.130, annotated as riboflavin. Datasets 

corresponding to assays of CobC, an enzyme converting FMN to riboflavin, are highlighted according to their 

time points. (a) Raw ion intensity. Main problems are high inter- and intra-day variance that mask biologically 

relevant effects, as well as the arbitrary measure of ion abundance that differs between ions. These biases 

were corrected by subtracting a median filter of window size 10 from the abundance of each ion separately for 

each measurement batch. (b) Median-filtered data. To assign equal weight to depletions and accumulations, 

the abundance of each ion was log2-transformed. (c) Log2-transformed data. Remaining problems are large 

variance among individual datasets caused by experimental inaccuracies and the arbitrary abundance 

measure for each ion. To allow systematic comparisons between different ions and to correct for individual 

outliers, iterative bi-directional Z-score standardization was applied to the abundance of each ion across all 

datasets [396]. (d) Standardized data. Remaining outliers were corrected by applying a median filter of window 

size 3 to the time course of each ion to each data set. (e) Final Z-score data. The dashed line indicates the 

cutoff derived based on known enzymes. (f) Alternative representation of the data to better illustrate time 

courses. Shown are the abundances of all ions over time in the CobC assay.  
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Supplementary Figure 4.2 | Experimental validation of the promiscuous reactions catalyzed by CobC. 

Panels a – b: Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified 

enzyme and 1 mM of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) 

Substrate was flavin mononucleotide (FMN). (b) Substrates were flavin adenine dinucleotide (FAD) likely 

contaminated with flavin-deoxyadenosine dinucleotide (dFAD). (c) Known reaction of CobC, the 

dephosphorylation of adenosylcobalamin 5-phosphate to adenosylcobalamine and orthophosphate. (d) 

Known reaction of CobC, the dephosphorylation of α-ribazole 5-phosphate to α-ribazole and orthophosphate. 

(e) Promiscuous reaction of CobC, the dephosphorylation of FMN to riboflavin and orthophosphate. (f) 

Promiscuous reaction of CobC, the dephosphorylation of dFAD to riboflavin and dADP. The formation of dAMP 

was not observed in this assay, indicating that dFAD is not directly converted to FMN and dAMP.  
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Supplementary Figure 4.3 | Reaction prediction by mass difference between reactant pair ions. Differences 

in the sum formulae among all compounds forming KEGG main reactant pairs were determined by identifying 

non-common atoms, followed by calculation of the corresponding mass difference. For example, the 

acquisition or loss of a phosphate group consists of the net transfer of one hydrogen, three oxygen and one 

phosphorus atom and a mass difference of 79.968 Da. In total, 1’205 distinct atom differences were identified, 

of which 82 occurring in 10 or more reactant pairs were used to predict reaction mechanisms. This was done 

by calculating the m/z difference among all differential ions of opposed change direction detected in an 

enzyme assays and mapping it to the mass differences associated with these 82 reaction types within 0.005 

Da tolerance. 
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Supplementary Figure 4.4 | Experimental validation of the promiscuous reactions catalyzed by Add. (a) 

Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 1 mM 

of fumarate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrate was fumarate. (b) and 

(c) Known reactions of Add, the deamination of adenosine and deoxyadenosine, yielding ammonia as well as 

inosine and deoxyinosine, respectively. (d) Promiscuous reaction of Add, the hydratation of fumarate to malate.  
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Supplementary Figure 4.5 | Experimental validation of the promiscuous reactions catalyzed by DeoA. 

Panels a – c: Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified 

enzyme and 1 mM of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) 

Substrates were thymidine and sodium phosphate. (b) Substrates were cytidine and sodium phosphate. (c) 

Substrates were uridine, deoxyuridine and sodium phosphate. (d) and (e) Known reactions of DeoA, the 

phosphorylytic cleavage of thymidine and deoxyuridine yielding deoxyribose 1-phosphate as well as thymine 

and uracil, respectively. (f) and (g) Promiscuous reactions of DeoA, the phosphorylytic cleavage of of uridine 

and cytidine to ribose 1-phosphate as well as uracil and cytosine, respectively. 
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Supplementary Figure 4.6 | Experimental validation of the promiscuous reactions catalyzed by NanK. 

Panels a – d: Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified 

enzyme and 1 mM of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) 

Substrates were D-glucose and ATP. (b) Substrates were D-fructose and ATP. (c) Substrates were D-mannose 

and ATP. (d) Substrates were D-mannose and ITP. (d) to (f) Known reactions of NanK, the ATP-dependent 

phosphorylation of N-acetyl-D-mannosamine, D-mannose and D-glucose yielding ADP as well as N-acetyl-D-

mannosamine 6-phosphate, D-mannose 6-phosphate and D-glucose 6-phosphate, respectively. (g) and (h) 

Promiscuous reactions of NanK, the ATP-dependent phosphorylation of D-fructose to ADP and D-fructose 6-

phosphate, as well as the ITP-dependent phosphorylation of D-mannose yielding IDP and D-mannose 6-

phosphate.  
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Supplementary Figure 4.7 | Experimental validation of the promiscuous reactions catalyzed by Pfs. Panels 

a – c: Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 

1 mM of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrate was S-

adenosyl-L-homocysteine. (b) Substrate was S-adenosyl-L-methionine. (c) Substrate was adenosine. (d) Known 

reaction of Pfs, the hydrolytic cleavage of deoxyadenosine yielding 5-deoxyribose and adenine. (e) Known 

reaction of Pfs, the hydrolytic cleavage of S-methyl-5-thioadenosine yielding S-methyl-5-thioribose and 

adenine. (f) Partially known degradation of S-adenosyl-L-homocysteine by Pfs, yielding S-ribosyl-L-

homocysteine and adenine (known) or adenosine and L-homocysteine (promiscuous). The intermediate S-

ribosyl-L-homocysteine is further cleaved to D-ribose and L-homocysteine which spontaneously dimerizes to 

L-homocysteine, and the intermediate adenosine is further cleaved to adenine and D-ribose. (g) Promiscuous 

reactions of Pfs acting on S-adenosyl-L-methionine, analogous to the degradation of S-adenosyl-L-

homocysteine. 
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Supplementary Figure 4.8 | Experimental validation of the promiscuous reactions catalyzed by RihB. Panels 

a – b: Mass-spectrometric abundance of detected reactant ions in assays with 50 µg/mL purified enzyme and 

1 mM of each substrate. Data is shown as mean and standard deviation of 3 replicates. (a) Substrates were 

cytidine, thymidine, guanosine and xynthosine. (b) Substrates were uridine and deoxyuridine. (c) and (d) Known 

reactions of RihB, the hydrolysis of uridine and cytidine to D-ribose as well as uracil and cytosine, respectively. 

(e) – (h) Promiscuous reactions of RihB, the cleavage of the (deoxy)nucleosides guanosine, deoxyuridine, 

xanthosine and thymidine yielding the separate (deoxy)ribose and free nucleobase moieties. 
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Supplementary Figure 4.9 | Augmentation of a genome-scale metabolic model of E.coli with discovered 

promiscuous reactions. (a) Number of KEGG reactions matching to detected promiscuous reactant pairs after 

different steps of disambiguation. (b) Reversibility constraints of 195 unambiguous promiscuous reactions 

added to the iJO1366 genome-scale metabolic model of E. coli [348]. (c) Topological characteristics of the 

genome-scale model augmented with 195 promiscuous reactions. (d) Pairwise shortest-path distances among 

all metabolites in the basic and augmented iJO1366 model before and after removal of spurious shortcuts 

resulting from frequent cofactors such as ATP or NADH. Shortcuts were removed by considering only main 

KEGG reactant pairs. Only models without such short cuts were used to calculate evolvability-associates costs. 
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Supplementary Figure 4.10 | Expression strain growth yields and purified protein concentrations. (a) 

Histogram of OD600 values of expression cultures at harvest. Strains not reaching a minimum OD600 of 0.33 

were not considered for further analyses. (b) Histogram of purified protein concentrations as determined by 

Bradford assays. Proteins with concentrations below 50 µg/mL were not considered for further analyses. (c) 

Scatter plot of protein concentrations versus harvest OD600. Red lines indicate cutoff values. (d) Summary on 

the numbers of proteins excluded due to low harvest OD600 or protein yield. 

 

 



 

119 

  



Ubiquinone accumulation improves osmotic-stress tolerance in E. coli 

120 

 

 

 

Chapter 5 

 

Ubiquinone accumulation improves osmotic-stress 

tolerance in Escherichia coli 

Daniel C. Sévin and Uwe Sauer 

 

Published in:  

Nature Chemical Biology, Apr 2014, Vol. 10 pp 266-272 

DOI: 10.1038/nchembio.1437 

 

 

 

 

 

 

 

 

 

 

 

 

Daniel C. Sévin designed research, performed experiments, analyzed the data and wrote the 

paper. Uwe Sauer designed research and contributed to the manuscript. 

  



Chapter 5 

121 

Abstract 

Bacteria are thought to cope with fluctuating environmental solute concentrations primarily 

by adjusting the osmolality of their cytoplasm. To obtain insights into the underlying metabolic 

adaptations, we analyzed the global metabolic response of Escherichia coli to sustained 

hyperosmotic stress using nontargeted mass spectrometry. We observed that 52% of 1,071 

detected metabolites, including known osmoprotectants, changed abundance with increasing 

salt challenge. Unexpectedly, unsupervised data analysis showed a substantial increase of most 

intermediates in the ubiquinone-8 (Q8) biosynthesis pathway and a 110-fold accumulation of Q8 

itself, as confirmed by quantitative lipidomics. We then demonstrated that Q8 is necessary for 

acute and sustained osmotic-stress tolerance using Q8 mutants and tolerance rescue through 

feeding nonrespiratory Q8 analogs. Finally, in vitro experiments with artificial liposomes showed 

that mechanical membrane stabilization is a principal mechanism of Q8-mediated 

osmoprotection. Thus, we find that besides regulating intracellular osmolality, E. coli enhances 

its cytoplasmic membrane stability to withstand osmotic stress. 
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Introduction 

Bacteria are frequently exposed to abruptly changing solute concentrations in their 

environments. Desiccation in biofilms, tidal sweeps of salt water into rivers or sudden nutrient 

bursts in the gut of host organisms increase the extra-cellular osmolality, whereas rainfall or 

retreating tides decrease osmolality. Since the cytoplasmic membrane is impermeable to most 

large and polar solutes, trans-membrane concentration gradients of non-permeating compounds 

are established that are compensated for by freely diffusing water molecules. The resulting 

changes in cellular volume and turgor pressure exert strong mechanical forces on the 

cytoplasmic membrane and associated proteins and, if too extreme, preclude growth of the 

bacterium and eventually cause cell death [397]. To cope with osmotic stress, bacteria evolved 

several strategies such as adapting their intracellular osmolality [42,398,399] or increasing their 

cell wall stability [400], allowing them to grow in a broad range of solute concentrations.  

The regulation of intracellular osmolality by transport or biosynthesis of compatible solutes 

is believed to be the principal osmoprotection response in the gram-negative bacterium 

Escherichia coli [401] that can be mediated by several molecular mechanisms. First, E. coli 

controls in- and outflux of water and other small molecules by activation of aquaporins as an 

immediate response to sudden changes in osmotic pressure [402]. Second, it regulates 

intracellular potassium levels by adjusting the expression of potassium transporters such as Kup, 

KdpFABC or TrkA for transient adaptation to short-term osmotic stress [403]. Third, in case of 

prolonged osmotic stress, E. coli can take up the osmoprotectants glycine betaine and proline 

from the environment via the proVWX-encoded ABC transporter or synthesize glycine betaine 

from the extracellular precursor choline [42,404,405]. Fourth, if no extracellular compatible 

solutes are available, E. coli induces expression of trehalose-6-phosphate synthase (OtsA) and 

phosphatase (OtsB) to produce high intracellular concentrations of the non-reducing 

disaccharide trehalose from the precursors UDP-glucose and glucose 6-phosphate, conveying 

long-term resistance to sustained osmotic stress [406–408]. Quantitative studies indicated, 

however, that the amounts of compatible solutes produced by E. coli may not be sufficient to 

maintain cell turgor exclusively based on increasing intracellular osmolality, implying that 

accompanying effects, such as molecular crowding, may also contribute to osmoprotective 

properties of compatible solutes [409]. Indeed, molecular dynamics studies have demonstrated 

an interaction between accumulated trehalose with membrane lipid head groups [410], although 

this effect was found to be quantitatively insufficient to fully account for the resistance of 

membranes to strong osmotic stress [411]. Other bacteria have been shown to both adjust their 

intracellular osmolality and modify their cell wall structure upon osmotic stress [400], but this 

latter mechanism has not been observed in E. coli. Thus, virtually all known osmoprotection 

mechanisms in E. coli therefore relate to the modulation of intracellular osmolality.  

Since nearly all known osmoprotection mechanisms are related to metabolism, we aimed to 

obtain global and unbiased insights into the metabolic adaptation of E. coli to sustained osmotic 

stress. Specifically, we analyzed the intracellular steady state metabolome of exponentially 

growing E. coli at six levels of sodium chloride (NaCl)-induced hyperosmotic stress. To this end, 

we used our previously developed non-targeted flow injection time-of-flight mass spectrometry 

(MS) platform [72] that enables semiquantitative measurements of hundreds of intracellular 
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metabolites. The acquired data not only shed light on complex metabolic rearrangements, but 

also led to the discovery of a novel mechanism for coping with osmotic stress, namely the active 

improvement of cell membrane stability by accumulation of the electron carrier and lipid  

ubiquinone-8. 

Results 

Osmotic stress causes complex changes in metabolism 

To quantify its sensitivity to salt, E. coli BW25113 was cultivated at 37� C in mineral medium 

containing glucose as the sole carbon source, supplemented with 50 to 750 mM NaCl. The 

maximum specific growth rate was calculated for each NaCl concentration, yielding a half-

maximal inhibitory concentration (IC50) of 450 mM (Figure 5.1a). Based on these results, we 

selected 6 NaCl concentrations between 50 and 500 mM that allowed for distinct exponential 

growth phases and sufficient biomass concentrations to permit metabolomics experiments. For 

each NaCl concentration we then extracted intracellular metabolites with hot water from 

exponentially growing E. coli cultures at an optical density at 600 nm of 1.0 (Figure 5.1b). Using 

non-targeted flow injection time-of-flight MS [72], we detected 8,961 ions of which 535 could be 

annotated based on accurate mass, corresponding to up to 1,071 unique metabolites. For further 

analyses we considered only the 535 annotated ions and normalized all ion intensities to the 

values determined in cells not suffering from hyperosmotic stress, that is, grown in the presence 

of 50 mM NaCl. In total, 52% of the annotated ions changed abundance more than 2-fold 

between 50 mM NaCl and 500 mM NaCl (Supplementary Online Data Sets 5.1 and 5.2), 

underlining the complexity and global dimension of the metabolic response to hyperosmotic 

stress. As expected, we found 40-fold increased intracellular concentrations of trehalose, the 

major osmoprotectant metabolite in E. coli (Figure 5.1c). Glycine betaine and glutamate levels 

did not increase (Figure 5.1c), confirming that these compounds are only used as 

osmoprotectants if available in the environment [405]. Moreover, we observed an over 10-fold 

decrease of various cyclic nucleotide monophosphate levels with increasing salt concentration 

(Figure 5.1c), supporting the hypothesis that cAMP-based modulation of CRP activity triggers the 

E. coli response to osmotic stress [412,413]. 
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Figure 5.1 | Analysis of the salt-induced metabolic changes in E. coli by mass spectrometry. (a) Maximum 

exponential growth rates of wild-type E. coli BW25113 in glucose mineral medium supplemented with 

increasing salt concentrations. The half-maximal inhibitory concentration (IC50) was calculated by fitting a Hill-

type model to the data (solid line). Data points and error bars represent mean and standard deviation of three 

biological replicates. Blue circles indicate salt concentrations used in the subsequent metabolomics 

experiment. (b) E. coli was cultivated in glucose mineral medium with the indicated salt concentrations until an 

optical density of 1.0. Intracellular metabolites were extracted from four biological replicates with hot water and 

measured in technical duplicates by non-targeted flow injection time-of-flight MS[72]. (c) Effect of increasing 

salt concentration in the growth medium on selected intracellular metabolites in exponentially growing E. coli. 

Compounds were annotated as [M-H+] derivatives with 0.001 Da mass tolerance, and levels were normalized 

to the 50 mM NaCl values. Data points and error bars represent mean and standard deviation of four biological 

and two technical replicates (n = 8).  aNote that ion annotation may be ambiguous, see Supplementary Online 

Data Set 5.2 for alternative annotations. 
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To obtain an overview of the global metabolic response to osmotic stress, we performed 

unsupervised k-means clustering of all metabolite ion fold-changes over increasing salt 

concentration, specifying a number of 4 clusters (Figure 5.2a). Cluster 1 contains 98 ions that 

decrease with increasing salt levels. Cluster 2 contains 348 non-responsive ions without a clear 

trend. Cluster 3 contains 24 ions that increase more than 100-fold with increasing salt levels. 

Cluster 4 contains 65 moderately increasing (~30-fold) ions. Metabolic pathway enrichment 

analysis was performed to identify metabolically connected groups of compounds that correlated 

with salt levels in clusters 1, 3 and 4 (Figure 5.2b). The decreasing metabolites in cluster 1 were 

enriched for nucleotide and amino acid biosynthesis, probably reflecting a lower demand for 

these biosynthetic precursors as an indirect consequence of the reduced growth rates at 

elevated salt levels. The moderately increasing metabolites in cluster 4 were mainly found in 

pathways for uptake and biosynthesis of carbohydrates such as starch, sucrose or galactose, 

consistent with the osmoprotective properties of sugars and other poly-hydroxylated 

compounds [414]. The strongly increasing metabolites in cluster 3 were enriched in only four 

pathways, namely the phosphotransferase system, starch and sucrose metabolism, galactose 

metabolism, and ubiquinone/terpenoid quinone biosynthesis. Whereas the accumulation of 

carbohydrates was anticipated, the major increase in the concentrations of compounds 

participating in ubiquinone biosynthesis was entirely unexpected, and was not coupled to 

increased gene expression as shown by green fluorescence reporter assays with the ubiquinone 

biosynthesis genes ubiC, ubiE, ubiF, ubiG and ubiX (Supplementary Figure 5.1) in agreement 

with previous gene expression data [415]. Essentially all intermediates in the ubiquinone 

biosynthetic pathway accumulated on average 40-fold, consistent with a high demand caused 

by the 250-fold accumulation of the pathway end-product ubiquinone-8 (Q8) at high salt 

concentrations (Figure 5.3).  

 

 

Figure 5.2 | The global metabolic response of E. coli to hyperosmotic stress. (a) K-means clustering of the 

log-transformed annotated ion responses normalized to the 50 mM NaCl condition. A number of k = 4 clusters 
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was specified and ions were assigned to the clusters based on squared Euclidean distance. The ions in the 

strong response cluster 3 were re-clustered based on correlation with k = 2, giving clusters 3a (response 

already at low NaCl levels) and 3b (response only at higher NaCl levels). The black line represents the centroid 

of each cluster, and n is the number of ions. (b) Metabolic pathway enrichment analysis of clusters 1, 3, 3a, 3b 

and 4 of the k-means clustering shown in (a), sorted by hierarchical clustering based on p-values. Pathway 

definitions from KEGG specific for E. coli were used[416], and the statistical significance of each enriched 

pathway was calculated with a hypergeometric test with a threshold of p < 0.0001. For each pathway, both the 

p-value and the average fold change of the respective metabolites are represented by color intensity. 

 

Because the aqueous extraction procedure used in our metabolomics experiment was not 

optimal to capture lipids such as Q8, we extracted E. coli cells grown in isosmotic and 

hyperosmotic conditions with chloroform and methanol [417] and measured lipid levels by flow 

injection MS [72]. In agreement with our previous metabolomics experiment, non-targeted 

lipidomics confirmed a 110-fold salt-dependent increase in Q8 levels, the highest fold-change 

among all detected lipids, concomitant with an apparent decrease of shorter-chain isoprenoid 

lipids (Figure 5.4a). We subsequently quantified Q8 levels relative to the main E. coli membrane 

phospholipids diacyl-phosphatidylethanolamine and diacyl-phosphatidylglycerol by MS using 

dilution series of commercial lipid standards as reference. Whereas under isosmotic conditions 

Q8 was below the quantification limit, its fraction increased to 1% (w/w) upon osmotic stress 

(Figure 5.4b and Supplementary Online Data Set 3), implying that Q8 contributes substantially 

to the membrane lipid composition. To our knowledge, Q8 accumulation in response to 

hyperosmotic stress has never been described, so we further investigated whether it serves a 

functional role in osmotic stress tolerance. 
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Figure 5.3 | The ubiquinone pool and its precursors increase upon osmotic stress. Points and error bars 

represent mean and standard deviation of indicated metabolites in four biological and two technical replicates 

(n = 8). Curves are colored according to the cluster membership of each metabolite in the k-means clustering 

(see Figure 5.2). Compounds were annotated as electrospray derivatives with 0.001 Da mass tolerance. 
aAmbiguous sum formula, see Supplementary Online Data Set 5.2 for alternative annotations. bAdditional 

evidence for annotation by MS/MS fragment ion spectra (Supplementary Figure 5.2). cCompound previously 

not identified in E. coli.  
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Figure 5.4 | Confirmation of Q8 increase by lipidomics. (a) Response of detected phosphatidyl and prenyl 

lipids to hyperosmotic stress. Compounds highlighted in bold are intermediates in the ubiquinone-8 

biosynthesis pathway. Phospholipids nomenclature: PA, phosphatidic acid; PS, phosphatidylserine; PE, 

phosphatidylethanolamine; PI, phosphatidylinositol; PME, phosphatidyl-methylethanolamine; digits preceding 

the colon, number of carbon atoms in the acyl side chains; digits following the colon, number of double bonds 

in the acyl side chains. Octa-PMeOHMoBQ, 2-Octaprenyl-3-methyl-5-hydroxy-6-methoxy-1,4-benzoquinone. *, 

** and *** indicate p-values (two-sided t-test) of < 0.05, < 0.01, < 0.001, respectively. Complete data and p-values 

are presented in Supplementary Online Data Set 5.3. (b) Ratios of indicated lipids in E. coli grown with 50 mM 

NaCl and 450 mM NaCl, inferred from absolute quantification using lipid standards and 13C-labeled internal 

metabolite standard for matrix effect correction. PE and PG together typically account for ~95% of all E. coli 

membrane lipids[418]. Calibration curves and details to lipid quantification are presented in Supplementary 

Figure 5.3. 

Q8 is necessary for osmotic-stress tolerance in vivo 

Because Q8 can act as a radical scavenger [419], we first wanted to exclude that its 

accumulation was due to oxidative stress, which has been postulated to be an indirect 

consequence of osmotic stress [420,421]. We therefore measured the concentrations of reactive 

oxygen species (ROS) at low and high salt concentrations in wild-type E. coli and a ΔubiG deletion 

mutant that is unable to synthesize Q8 [422]. ROS concentrations were only marginally elevated 

under hyperosmotic conditions and were generally reduced in the ΔubiG mutant 

(Supplementary Figure 5.4a). Moreover, the ratio of the radical scavenger glutathione to its 

oxidized form did not decrease at higher salt levels (Supplementary Figure 5.4b), and cells did 

not secrete detectable oxidized glutathione, as one would expect if intracellular ROS increased 

with osmotic stress [423]. These results demonstrate that cells in our experiments were not 

undergoing severe oxidative stress, which was further corroborated by the accumulation of not 

only oxidized Q8 but also its reduced Q8H2 form (Figure 5.3). 
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Figure 5.5 | Ubiquinone is required for osmotic stress tolerance in vivo. (a) Open symbols and error bars 

represent mean and standard deviation of two replicates of each of two independently constructed mutants 

(n = 4), closed circles the calculated IC50 values and lines the best fit of a Hill-type model to the data. ΔubiG + 

Q10 is the ΔubiG mutant supplemented with 0.2 µM Q10. (b) IC50 values from panel (a). tre- indicates the mean 

and standard deviation of the IC50–values of ΔgalU, ΔotsA and ΔotsB mutants unable to synthesize trehalose. 

p indicates statistical significance (left-tail t-test). 

 

To confirm that the observed ubiquinone accumulation indeed contributes to resistance 

against sustained hyperosmotic stress and is not merely a side effect of a global stress response, 

we tested the salt sensitivity of the ΔubiG deletion mutant. Indeed, the IC50 value of the ΔubiG 

mutant for NaCl was drastically reduced compared to wild-type (Figure 5.5a and b). Moreover, 

the decrease of the ΔubiG mutant's salt tolerance was significantly (P = 0.04, unpaired t-test) 

more severe than in the ΔgalU, ΔotsA and ΔotsB mutants that are unable to synthesize the major 

osmoprotectant trehalose [407] (Figure 5.5b). Thus, the presence of Q8 is necessary for 

resistance to osmotic stress. To exclude that the osmoprotective effect is more trivially related 

to the known role of Q8 as a membrane-localized electron carrier in the respiratory chain [424], 

we tested salt sensitivity of the wild-type strain and the ΔubiG mutant during fermentative 

anaerobic growth where respiration is inactive. The anaerobic salt tolerance of both strains was 

unchanged compared to the aerobic condition (Figure 5.5a and b), so we excluded respiratory-

chain interruption as the cause for increased salt sensitivity of the ΔubiG mutant. The 

independence of osmotolerance from respiration is further corroborated by the finding that salt 

tolerance of the ΔubiG mutant could be restored to nearly wild-type levels by extracellular 

addition of the human Q8 analog ubiquinone-10 (Q10) (Figure 5.5a and b). Q10 cannot substitute 

Q8 as an efficient electron carrier in E. coli as judged by low growth rate of the Q10-

supplemented ΔubiG mutant in isosmotic conditions (Figure 5.5a and b). Collectively, these 

experiments demonstrate that Q8 is necessary for osmotic stress tolerance in E. coli and that this 

tolerance improvement cannot be explained by the previously known functions of Q8 as a radical 

scavenger or respiratory electron carrier.  
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We hypothesized that Q8-mediated osmoprotection is caused by mechanical stabilization of 

the cytoplasmic membrane because Q10 with similar physicochemical properties can restore 

osmotolerance in a ΔubiG mutant. The cytoplasmic membrane is involved in maintaining size and 

shape of bacterial cells and E. coli is known to passively decrease in volume upon hyperosmotic 

stress [425]. To elucidate whether the presence of ubiquinone affects cellular morphology upon 

an osmotic shock, we subjected wild-type E. coli as well as the ΔubiG mutant and the ΔubiG 

mutant supplemented with Q10 to different intensities of acute osmotic shock and analyzed cell 

morphology by microscopy within 5 minutes. Indeed, ΔubiG cells were significantly (P < 0.05, 

left-tail t-test) smaller than wild-type and supplementation with Q10 increased the cell volume of 

the ΔubiG mutant back to wild-type levels (Figure 5.6a and b), indicating that the physical 

presence of Q8 in the membrane helps to prevent a drastic volume decrease upon osmotic 

shock. From molecular dynamics simulations it is known that the ability of vesicles to resist 

mechanical forces decreases with increasing membrane surface area [426], implying that larger 

cells require more stable cell envelopes to resist osmotic pressure. Thus, the small-size 

morphotype of ΔubiG mutants lacking the possibility to accumulate Q8 supports our hypothesis 

that Q8 is involved in mechanical membrane stabilization upon osmotic shock.  

Which moiety of the Q8 molecule is responsible for its osmoprotective properties? Q8 

consists of a decorated benzoquinone ring with an attached hydrophobic chain of eight isoprenyl 

subunits (Figure 5.6c). To test whether the length of the polyprenyl chain influences the 

osmoprotective effect of ubiquinone, we cultivated the ΔubiG mutant in the presence of different 

ubiquinones with zero (Q0), two (Q2), four (Q4) or ten (Q10) isoprenyl subunits and 

microscopically analyzed its morphology after a strong osmotic shock. A positive correlation was 

observed between post-shock cell size and polyprenyl chain length, but only Q10 restored wild-

type cell size of the ΔubiG mutant (Figure 5.6d). Chain length-dependent morphotype restoration 

was also observed with different non-quinone isoprenoids carrying a polar hydroxyl headgroup 

but was not successful with lycopene that lacks a polar headgroup (Supplementary Figure 5.5). 

This implies that a polar headgroup is necessary for osmoprotection by isoprenoids in vivo but 

that the chemical nature of this headgroup is of secondary importance. We conclude that 

osmoprotection by ubiquinones is conveyed by the octaprenyl chain and not by the 

benzoquinone moiety, and that chains of sufficient length are required for wild-type 

osmotolerance. This finding is consistent with previous in vitro data showing that the polyprenyl 

chain length of ubiquinones influences melting profile and surface pressure of artificial 

phospholipid membranes [427,428]. Further circumstantial evidence for our conclusion that Q8 

mechanically stabilizes the cytoplasmic membrane of E. coli comes from the fact that membranes 

of halotolerant and halophilic archaea are almost exclusively composed of lipids with saturated 

isopranyl side chains [429], which are known to be crucial for their survival in extreme saline 

environments [430,431].  
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Figure 5.6 | Ubiquinone is required for maintaining cell size under osmotic stress. (a) Cell volume V and 

sphericity S after osmotic shock were determined by microscopy. ΔubiG + Q10 is the ΔubiG mutant 

supplemented with 20 µM Q10. Data points and error bars represent mean and standard deviation of data 

from at least 15 cells. Starred values indicate statistical significance (p < 0.05, left-tail t-test). (b) Micrographs of 

E. coli cells after osmotic shocks. (c) Ubiquinones used in this study. (d) Cell volumes of wt and the ΔubiG 

mutant grown in presence of 20 µM of ubiquinones with different polyprenyl chain lengths, determined after 

an acute osmotic shock with 800 mM NaCl. Open triangles and error bars represent mean and standard 

deviation of data from at least 15 ΔubiG cells. The horizontal dashed line and shaded area represent mean and 

standard deviation of wild-type cell volume (n = 23). Starred values indicate significantly smaller cell size than 

wild-type (p < 0.05, left-tail t-test). 

Q8 improves stability of artificial liposomes 

To directly test whether ubiquinone improves the mechanical stability of lipid membranes 

rather than properties of membrane-associated proteins, we prepared protein-free artificial 

liposomes with different Q10 contents and subjected them to acute hyperosmotic stress by 

increasing the osmolality of the external buffer within 1 second (Figure 5.7). Whereas 1% (w/w) 

Q10 did not markedly improve liposome stability, a concentration of 5% (w/w) Q10 allowed most 

liposomes to withstand a strong osmotic shock with 1M NaCl. Liposomes without Q10 started to 

disintegrate already at 300 mM NaCl and were almost completely destroyed at 500 mM NaCl. 

Liposome stability was also enhanced by the non-quinone isoprenoids solanesol and lycopene 

(Supplementary Figure 5.6), confirming that it is the polyprenyl moiety of Q10 and not its 

benzoquinone headgroup that conveys osmoprotection. The observation that lycopene has an 
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osmoprotective effect on liposomes but not on living cells could potentially be explained by 

different membrane assembly mechanisms that are enzymatically regulated in vivo in contrast to 

spontaneous formation occurring in vitro. Thus, these results demonstrate that the presence of 

Q10 is sufficient to increase the osmotic stress resistance of lipid membranes and that this effect 

can occur independently of membrane proteins. We therefore conclude that Q8 contributes to 

osmoprotection in E. coli by mechanically stabilizing its cytoplasmic membrane. 

 

 

Figure 5.7 | Ubiquinone enhances the stability of artificial liposomes. (a) Light microscopy images of artificial 

liposomes containing 0% (w/w) Q10 (upper panels) or 5% (w/w) Q10 (lower panels) in the lipid mixture after no 

osmotic shock (left panels) or a strong osmotic shock with 1000 mM NaCl (right panels). In each panel, 

fluorescence of the liposome-localized lipid dye FM1-43, bright field images (BF), merged images as well as a 

10x zoom into the indicated region of the merged image showing a representative particle are shown. Note 

that the overall liposome formation efficiency was considerably enhanced by the presence of Q10. (b) Method 

of assessing liposome intactness after osmotic shock. Particles in the microscopy images were detected and 
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classified into liposomes or debris by fitting the shown model images. If the circular shape achieved the best 

fit particles were classified as liposomes, whereas if either of the straight lines achieved the best fit particles 

were classified as debris. The quality of each fit was assessed by root-mean-square deviation (RMSD) between 

particles and model images. (c) Fractions of liposomes with different Q10 contents (percentage values refer to 

weight-%) resisting acute osmotic shocks with indicated NaCl concentrations. An average of 58 and not less 

than 15 particles were analyzed per condition. Liposome stability was also enhanced by non-quinone 

isoprenoids (Supplementary Figure 5.6). 

Discussion 

In this study, we investigated the global metabolic response of E. coli to sustained 

hyperosmotic salt stress using non-targeted metabolomics, and unexpectedly found the 

respiratory electron carrier Q8 as the by far most accumulated metabolite. Data of deletion 

mutants defective in Q8 biosynthesis demonstrated the presence of Q8 to be essential for 

osmotic stress tolerance. The known roles of Q8 in the respiratory chain or as a radical scavenger 

cannot explain its beneficial effect because i) salt sensitivity under anaerobic conditions was 

unchanged and ii) salt tolerance can be restored by the addition of Q8 analogs that are not 

efficiently used for respiration in E. coli. This independence of Q8 osmoprotection from 

respiration is further supported by previously reported unchanged trans-membrane proton 

gradient and respiratory activity during osmotic stress [432]. Instead, we demonstrate through in 

vitro experiments with protein-free artificial liposomes and through in vivo morphotyping that Q8 

enhances membrane stability, strongly suggesting a causal link between Q8 accumulation and 

osmotic stress resistance by direct stabilization of the cytoplasmic membrane. Because Q8 

accumulated to up to 1% of main membrane lipids in vivo whereas liposome stabilization required 

at least 5% Q10 content, we cannot exclude that Q8 accumulation might additionally improve 

function or stability of membrane proteins by direct interactions with their membrane-localized 

domains [433] or by molecular crowding [409,434], or alter bioenergetic membrane properties 

by reducing sodium ion leakage [435]. 

Our summarized findings lead us to propose the following model of Q8-mediated 

osmoprotection in E. coli (Figure 5.8). Upon exposure to conditions of osmotic stress and 

apparently independent of transcriptional regulation, a yet unknown regulatory mechanism 

triggers the accumulation of Q8 to up to 1% of total membrane lipids. The Q8 molecule has been 

shown to reside flat in the center of the lipid bilayer [428,435], implying that the observed 

substantial accumulation of Q8 would increase the hydrophobic thickness of the cytoplasmic 

membrane. Intriguingly, such an effect has already been observed in vitro with the isoprenoid 

zeaxanthin, of which concentrations between 1% and 10% increased the hydrophobic thickness 

of artificial lipid bilayer membranes [436]. Furthermore, the branched methyl groups of the 

octaprenyl moiety may interconnect the lipids within and between the monolayer leaflets by 

interacting with their phospholipid side chains, thus increasing membrane stability. Together, 

these mechanisms would make the cytoplasmic membrane more resistant to forces imposed by 

osmotic pressure [437]. 
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Figure 5.8 | Proposed model of ubiquinone-mediated osmoprotection. Osmotic stress triggers the 

accumulation of ubiquinone (Q8) which localizes in the midplane of the cytoplasmic lipid bilayer membrane, 

leading to increased hydrophobic thickness. Additionally, the branched octaprenyl chain of Q8 may interact 

with the fatty acid chains of membrane phospholipids, thus interconnecting the lipid within and across the 

monolayer leaflets. Both mechanisms would lead to enhanced membrane stability and thus contribute to 

osmotic stress tolerance in E. coli. 

 

Since the cytoplasmic membranes of archaea that are able to resist harsh environmental 

conditions consist mainly of isopranoid lipids [429], it is tempting to speculate that transient or 

permanent stabilization of biological membranes through isoprenoids may be an ancient and 

well-conserved property. Unlike Q8, archaeal membrane lipids are generally saturated, contain 

ether bonds and are, in some cases, bipolar [431]. Nevertheless, the overall structural and 

chemical similarity between Q8 and archaeal isopranoid lipids and our finding that isoprenoids 

with different headgroups can substitute for Q8 in restoring osmotolerance both in vitro and in 

vivo support our conclusion that increased concentrations of Q8 indeed stabilize membranes. 

To our knowledge, this is the first report that a bacterium actively enhances the mechanical 
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stability of its cytoplasmic membrane by ubiquinone accumulation to withstand osmotic stress. 

Should these findings extend beyond E. coli to other species and possibly other membrane-

related stresses, targeting stress-induced ubiquinone accumulation may be a promising 

approach for the treatment of infectious and other diseases. For instance, recent studies have 

found that human patients suffering from nephrotic syndrome displayed reduced Q10 levels 

[438], and a mutation in a Q10 biosynthetic enzyme in mice caused pathological symptoms similar 

to Parkinson’s disease [439]. Finally, induction of Q8 accumulation by elevated salt levels might 

be an effective strategy for the biotechnological production of this or related compounds [440]. 

Note: After completion of this study, Hernández and co-workers independently confirmed 

that Q10 indeed alters mechanical properties and increases stability of phospholipid membranes 

[441]. Moreover, the authors observed that these altered physicochemical properties reduce 

leakage of polar compounds through the membrane, which in a biological system would translate 

to a positive effect on bioenergetics as the loss of valuable cellular components and the 

breakdown of the proton gradient would be prevented. As Clarke and co-workers highlighted, 

this could have implications for the treatment of nephrotic syndrome that manifests in impaired 

kidney filtration [442]. Importantly, the stabilizing and leakage-reducing effects of Q10 occurred 

at even lower concentrations than we measured for Q8 in salt-stressed E. coli, indicating that 

leakage reduction and membrane stabilization may indeed occur in vivo.  
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Materials and methods 

Metabolomics. E. coli BW25113 was aerobically cultivated in M9 mineral medium containing 7.52 

g Na2HPO4ˑ2H2O, 3 g KH2PO4, 0.5 g NaCl, 2.5 g (NH4)2SO4, 14.7 mg CaCl2ˑ2H2O, 246.5 mg 

MgSO4ˑ7H2O, 16.2 mg Fe(III)Cl3ˑ6H2O, 180 μg ZnSO4ˑ7H2O, 120 μg CuCl2ˑ2H2O, 120 μg 

MnSO4ˑH2O, 180 μg CoCl2ˑ6H2O and 1 mg thiamineˑHCl per liter of deionized water, 

supplemented with 4 g/L glucose as carbon source as well as different NaCl concentrations (50, 

100, 200, 300, 400, and 500 mM). All these and subsequently mentioned compounds were 

obtained from Sigma Aldrich (St. Louis, MO, U.S.A.) at the highest available purity (typically �95%). 

Culture volume was 1 mL in deep 96-well plates, temperature was 37° C and agitation was 300 

rpm on an orbital shaker. Four independent cultures per NaCl concentrations were grown until 

reaching an optical density at 600 nm of 1.0 Cells were then harvested by centrifugation (5 min, 

0° C, 4,500 rcf) and intracellular metabolites were extracted by adding 150 µL of deionized water 

heated to 80° C for 10 min. Debris were removed by centrifugation, and samples were analyzed 

by flow-injection time-of-flight MS with an Agilent 6550 QToF instrument (Agilent, Santa Clara, 

CA, U.S.A.) operated in negative ionization mode at 4 GHz high-resolution in a range from 50-

1,000 m/z using published settings [72]. The mobile phase was 60:40 isopropanol:water (v/v) and 

1 mM NH4F at pH 9.0 supplemented with 10 nM hexakis(1H, 1H, 3H- tetrafluoropropoxy)-

phosphazine and 80 nM taurocholic acid for online mass correction. Spectral processing and ion 

annotation based on accurate mass within 0.001 Da using the KEGG eco database [416] as 

reference and accounting for [M-H+], [M+F-], [.H/Na M-H+] and [H/Na M+F-] ions were performed 

using Matlab R2012b (The Mathworks, Nattick, MA, U.S.A.) as described previously [72].  

Lipidomics. Lipids were extracted from exponentially growing E. coli BW25113 cells at OD600 = 

1.0 using a two-step extraction procedure with 17:1 CHCL3:methanol (v/v) for non-polar and 2:1 

CHCL3:methanol (v/v) for polar lipids as described previously [417]. Extracted lipids from 413 mg 

dry cell weight were vacuum-dried, resuspended in 1:1 acetonitrile:methanol, spiked with fully 13C-

labeled E. coli extract for matrix effect correction and analyzed by flow-injection MS as described 

previously [72]. Absolute concentrations were inferred from 12C/13C ratios of respective lipids 

using a calibration curve of lipid standards processed in the same way (Supplementary Fig. 3).  

Compound identification by MS/MS. MS/MS spectra were acquired on an Agilent 6550 QTOF 

mass spectrometer operated in negative ionization mode, with instrument settings as described 

previously [72]. Precursor ions of selected compounds were targeted as [M-H+] electrospray 

derivatives with a window size of ±2 m/z in Q1. Fragmentation of the precursor ion was performed 

by collision-induced dissociation at 40 eV collision energy. Fragment ion spectra were recorded 

in scanning mode by high-resolution TOF MS. Peaks with intensity of at least 10% of the highest 

non-saturated peak intensity in the MS/MS spectra were extracted and matched with compounds 

in the PubChem database using MetFrag [127]. A top rank of the target compound among all 

matching compounds in the database was considered as further evidence for the initially 

proposed annotation based on accurate mass. 

Unsupervised data analysis. All steps of data analysis were performed using Matlab R2012b. K-

means clustering was performed on all 535 annotated ions over salt concentration using the 

squared Euclidean distance metric. A number of k = 4 clusters was specified to capture broad 
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classes of ions that showed similar changes in abundance depending on salt concentration. 

Metabolic pathway enrichment analysis was based on KEGG pathway definitions [416] using only 

pathways occurring in E. coli. For each pathway, we first counted how many metabolites were 

present in the respective k-means cluster and secondly computed the hypergeometric 

probability of the enrichment (hygepdf function in Matlab) as described previously [443]. All non-

significantly enriched pathways with P � 0.0001 were not considered. 

Growth physiology experiments. E. coli BW25113 and its respective deletion mutants were 

obtained from the KEIO collection [444], and always both independent clones were analyzed to 

rule out genetic errors. Growth medium always was glucose M9 mineral medium supplemented 

with different concentrations of NaCl or ubiquinone-10 (Sigma Aldrich, product code C9538, 

�98% purity) where indicated. Growth was monitored by cultivating cells in 200 µL medium 

shaking at 37� C in a TECAN Infinite M200 plate reading instrument (TECAN Group, Männedorf, 

Switzerland) and measuring the absorbance at 600 nm every 10 min over a period of at least 24 

h. 

ROS assay. Intracellular ROS levels were measured using the dihydroethidium (DHE) assay as 

described previously [445]. Briefly, preculture cells were grown in glucose M9 mineral medium 

with the indicated salt concentrations until reaching an optical density of 1.0 in mid-exponential 

phase. We then transferred 100 µL of this culture to a 96-well plate and mixed in 100 µL of pre-

warmed fresh medium containing 20 µM of DHE (Sigma Aldrich, D7008, �95% purity). Cells were 

subsequently incubated at 37� C for 5 h to allow uptake and eventual oxidation of DHE by ROS. 

DHE oxidation was measured by fluorescence (excitation wavelength: 485 nm; emission 

wavelength: 595 nm) using a TECAN Infinite M200 plate reading device. Background 

fluorescence from sterile medium containing 10 µM DHE was subtracted from the sample values. 

Morphotyping experiments. Cells were grown at 37° C in M9 glucose medium supplemented 

with 20 µM 2,3-Dimethoxy-5-methyl-p-benzoquinone (Q0, Sigma Aldrich, D9150, �95% purity), 

ubiquinone-2 (Q2, C8081, �90%), ubiquinone-4 (Q4, C2470, �90%), ubiquinone-10 (Q10, C9538, 

�98%), geraniol (163333, �98%), farnesol (F203, �95%), solanesol (S8754, �90%) or lycopene 

(L9879, �90%) when indicated until mid-exponential growth phase (OD600 = 1.0 ± 0.2). 5 µL of cell 

suspension were transferred to borosilicate microscopy slides, and 5 µL of buffer (10 mM TrisHCl 

pH 7.4 supplemented with different NaCl concentrations) were added to reach indicated osmotic 

shock strengths. Cell imaging by microscopy and image analysis were performed as described 

below. 

Preparation of artificial liposomes. Liposomes were prepared from a lipid mixture containing 

45% phosphatidylcholine (Sigma Aldrich, P3556, �99% purity), 25% phosphatidylethanolamine 

(P8068, �98%), 20% phosphatidylinositol (P6636, �50%) and 10% phosphatidic acid (P9511, 

�98%), with ubiquinone-10 (C9538, �98%), solanesol (S8754, �90%) or lycopene (L9879, �90%) 

replacing the other lipids as indicated. The lipid mixture contained 0.02% of the fluorescent lipid 

dye FM1-43 (SynaptoGreen, Sigma Aldrich, S6814, �95%). All percentage values refer to weight-

%. Overall, the lipid composition thus was representative for a biological lipid bilayer membrane. 

Liposomes were prepared using a solvent evaporation and rehydration approach published 

previously [446]. The liposome formation buffer contained 5 mM Tris Base, 30 mM K3PO4, 30 mM 
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KH2PO4, 1 mM MgSO4, 0.5 mM EDTA, 1% glycerol, and pH was adjusted to 7.8 with KOH. 

Liposomes of 1 mg/mL total lipids were allowed to form for 5 min on borosilicate microscope 

slides, and subsequently formation buffer supplemented with NaCl was added to reach the 

indicated external salt concentrations.  

Fluorescence microscopy and image analysis. Microscopy of artificial liposomes and living E. 

coli cells was performed within 5 min after NaCl addition using a Nikon Eclipse Ti inverted 

epifluorescence microscope equipped with a CoolLED PrecisExcite light source and a Nikon 60x 

oil immersion objective providing a total magnification of 600-fold. Filters used for fluorescence 

imaging of FM1-43 were 470 ± 40 nm (excitation) and 525 ± 50 nm (emission), respectively, and 

exposure time was set to 2.5 s. Image acquisition and basic analysis (brightness and contrast 

optimization, image sharpening) were performed using µManager [447] and ImageJ [448], 

respectively. For the liposome experiment, detection and classification of particles larger than 

100 pixels was performed using Matlab. To each detected particle five prototypic image patterns 

were fitted (shown in Fig. 5), and the root-mean-square deviation (RMSD) of each fit was 

computed. The image with lowest RMSD was used to classify the particle into liposome (in case 

the circular shape fit had lowest RMSD) or debris (in case one of the four straight lines had lowest 

RMSD). Particles with RMSD > 0.3 (usually several liposomes in very close proximity or U-shaped 

debris leading to false classification) were re-classified by visual inspection. At least 15 and on 

average 58 particles were classified for each experimental condition. For cell volume 

determination, bright-field images of cells were acquired using a Nikon 100x oil immersion 

objective providing a total magnification of 1,000-fold. The geometry and volume of individual 

cells was calculated by assuming cylindrical shape and measuring cell length and diameter 

based on a 10 µm micro-ruler. At least 15 cells per condition were analyzed. 

Statistical analysis. Statistical analysis of data was performed using Matlab R2012b and 

functions embedded in the Bioinformatics and Statistics toolboxes. The types of statistical tests 

used and the returned P-values are indicated when referring to these tests. 
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Supplementary information 

 

 

Supplementary Figure 5.1 | Salt-dependent expression levels of genes involved in the biosynthesis of Q8. 

Expression levels were measured as described previously[102] using reporter strains bearing a construct 

encoding green fluorescent protein (GFP) under control of the native promoter region of the indicated genes. 

GFP fluorescence (λEx = 500 nm, λEm = 530 nm) and cell growth (OD at 600 nm) were monitored using a TECAN 

plate reading device. Expression levels were calculated by normalizing GFP fluorescence intensity during 

maximal growth rate by the culture OD at maximal growth rate. Values were normalized to the 50 mM NaCl 

condition and log2-transformed. The observed independence of expression levels from salt concentration is 

consistent with previously published data[415]. 
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Supplementary Figure 5.2 | Partial MS/MS spectra of metabolites in the ubiquinone-8 pathway. Nonpolar 

metabolites were extracted from E. coli cells grown in presence of 450 mM NaCl, and samples were analyzed 

using a QTOF mass spectrometer in negative ionization mode. Precursor ions for collision-induced dissociation 

were targeted as [M-H]- derivatives of metabolites to be fragmented. MS/MS spectra were acquired in scanning 

mode at 40 eV collision energy, and peaks of at least 10% of the highest non-saturated peak intensity were 

extracted. Peaks were matched with compounds in the PubChem database to identify corresponding 

metabolites using MetFrag[127]. Matching fragments are indicated by dashed lines and arrows symbolizing 

bond breaks and direction along the metabolite backbone, respectively. Note that precursor ions were 

selected using 4 m/z window size to reach sufficient intensities for fragment detection, implying that spectra 

likely correspond to multiple compounds and thus can only serve as additional evidence for the annotations 

proposed in Figure 5.3. 



Ubiquinone accumulation improves osmotic-stress tolerance in E. coli 

142 

 

Supplementary Figure 5.3 | Calibration curves used for lipid quantification. Lipid standards with defined 

concentrations were subjected to the same lipid extraction procedure as the biological samples to be 

quantified, and analyzed by flow-injection time-of-flight MS. Prior to MS, lipid standards were spiked with fully 
13C-labeled metabolite extract of E. coli for matrix effect correction. Because standards consisted of a mixture 

of lipids with different fatty acid side chain lengths, the intensities of all detected lipid species with identical 

headgroups were added (detailed in Figure 5.4b). Finally, summed intensities of lipids containing exclusively 
12C carbon atoms (as contained in the standards) were divided by summed intensities of lipids containing 

exclusively 13C carbon atoms (as present in the labeled E. coli extract). These ratios were then used to generate 

the calibration curves and to quantify the samples as described previously[71]. Note that for ubiquinone the 

calibration curve was generated based on Q10 standards, whereas subsequent quantification was performed 

for Q8 assuming comparable ion response due to highly similar chemical structures. Black circles are 

calibration measurements, black lines show linear regression on calibration measurements, R2 indicates 

strength of linear correlations, and green and red circles are measurements of samples extracted from E. coli 

grown at 50 mM NaCl and 450 mM NaCl, respectively. 
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Supplementary Figure 5.4 | Osmotic stress did not result in the accumulation of reactive oxygen species. 

(a) The levels of reactive oxygen species (ROS) during exponential growth under normal and hyperosmotic 

conditions were measured using the ROS-sensitive fluorescent dye dihydroethidium (DHE). The ∆nuoG mutant 

has previously been reported to accumulate ROS[39] and serves as positive control. Data is shown as mean 

and standard deviation of four replicates. (b) Abundance of the intracellular radical scavenger glutathione 

(GSH, m/z 306.077) and its oxidized disulfide form (GSSG, m/z 633.126) in exponentially growing E. coli at 

indicated NaCl concentrations, normalized to 50 mM NaCl levels. Note that ion annotation based on accurate 

mass may be ambiguous (Supplementary Online Data Set 5.2). Data is shown as mean and standard deviation 

of four biological and two technical replicates (n = 8). The ratio change of GSH to GSSG relative to the 50 mM 

NaCl condition, an indicator of oxidative stress, is shown as orange line. 
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Supplementary Figure 5.5 | Non-quinone isoprenoid lipids with polar headgroups restore cellular morphology 

in the ∆ubiG mutant. (a) E. coli wild type and ∆ubiG strains in mid-exponential growth phase supplemented 

with 20 µM isoprenoid lipids as indicated were subjected to acute osmotic shock with 800 mM NaCl. Cell 

volume was calculated from micrographs as described in Figure 5.6a. Points and error bars represent mean 

and standard deviation of volume measurements from at least 12 single cells. The dashed line and shaded 

area represent mean and standard deviation of wild-type cell size (n = 12). Starred values significantly differ 

from wild type (p < 0.05, left-tail t-test). (b) Representative micrographs of cells after osmotic shock with 800 

mM NaCl. (c) Chemical structures of isoprenoid lipids used. Top: Lipids with polar headgroup. Q, 2,3-

dimethoxy-5-methyl-p-benzoquinone (c.f. Figure 5.6c for structure). Bottom: Lipid without polar headgroup.  
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Supplementary Figure 5.6 | Non-quinone isoprenoid lipids enhance the stability of artificial liposomes. (a) 

Artificial liposomes containing 5% (w/w) indicated isoprenoid lipids were subjected to osmotic shocks with 

different NaCl concentrations. The fraction of intact liposomes versus destroyed liposomes after the shock 

was determined by computational evaluation of microscopy pictures as described in Figure 5.7. (b) Merged 

bright field and FM1-43 fluorescence microscopy images of liposomes after a strong osmotic shock with 1,000 

mM NaCl. The “no isoprenoid” control image and corresponding data in (a) are from the experiment shown in 

Figure 5.7 performed on a different day. 
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Abstract 

Cells constantly adapt to unpredictably changing extracellular solute concentrations. A 

cornerstone of the cellular osmotic stress response is the metabolic supply of energy and 

building blocks to mount appropriate defenses. Yet, the extent to which osmotic stress impinges 

on the metabolic network remains largely unknown. Moreover, it is mostly unclear which, if any, 

of the metabolic responses to osmotic stress are conserved among diverse organisms or 

confined to particular groups of species. Here we investigate the global metabolic responses of 

twelve bacteria, two yeasts and two human cell lines exposed to sustained hyperosmotic salt 

stress by measuring semiquantitative levels of hundreds of cellular metabolites using 

nontargeted metabolomics. Beyond the accumulation of osmoprotectants, we observed 

significant changes of numerous metabolites in all species. Global metabolic responses were 

predominantly species-specific, yet individual metabolites were characteristically affected 

depending on species’ taxonomy, natural habitat, envelope structure or salt tolerance. Exploiting 

the breadth of our dataset, the correlation of individual metabolite response magnitudes across 

all species implicated lower glycolysis, tricarboxylic acid cycle, branched-chain amino acid 

metabolism and heme biosynthesis to be generally important for salt tolerance. Thus, our 

findings place the global metabolic salt stress response into a phylogenetic context and provide 

insights into the cellular phenotype associated with salt tolerance. 
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Introduction 

Preventing lysis and maintaining intracellular solute concentration homeostasis in the face 

of unpredictably changing environments are major challenges to all cells. Since cytoplasmic 

membranes are permeable to water molecules but restrict the diffusion of larger and polar 

compounds, changes in extracellular concentrations of non-permeating solutes cause changes 

in the hydrostatic (turgor) pressure difference between cytoplasm and surrounding medium 

[449]. When extracellular solutes suddenly deplete, water molecules enter the cell and thereby 

increase its turgor pressure. The resulting mechanical strain ultimately ruptures the cell 

envelope, leading to cell lysis. Conversely, accumulating extracellular solutes cause water 

molecules to exit the cell, thereby reducing its turgor pressure and intracellular water activity. 

This alters thermodynamic properties of the cytoplasm, causes protein misfolding and leads to 

macromolecular crowding, thereby affecting the rates of various cellular processes ranging from 

protein-DNA binding to metabolic reactions [450–454]. Maintaining turgor pressure and water 

activity in a physiologically tolerable range is therefore crucial for cells to survive and thrive in 

habitats with changing osmolalities. 

Various evolved strategies enable cells to cope with osmotic stress. Most microorganisms 

surround their fragile cytoplasmic membrane with a rigid cell wall to increase the range of 

tolerable turgor pressures upon osmotic downshifts [455]. The increase of turgor pressure itself 

is limited by constitutively expressed mechanosensitive channels in the cytoplasmic membrane 

that release intracellular solutes nonspecifically when membrane strain exceeds critical values 

[456]. Furthermore, osmotic stress can cause alterations of cytoplasmic membrane properties 

such as permeability or stability, for example through cardiolipin or isoprenoid accumulation 

[130,457]. Moreover, cells are able to actively adjust the osmolality of their cytoplasm by 

regulating their intracellular solute concentration. Following an osmotic upshift, inorganic ions 

such as K+ and organic counter-ions such as glutamate rapidly accumulate in the cytoplasm 

[403,458]. Once inorganic ions reach toxic levels they are excreted through dedicated 

transporters [459,460]. Finally, many cells are able to produce or import so-called compatible 

solutes that may accumulate to high intracellular concentrations without severely affecting 

cellular processes [461–463]. Beyond balancing intracellular osmolality, certain compatible 

solutes contribute to protein stabilization [464,465] and interact with cytoplasmic membrane 

lipids [410,411].  

The ability to accumulate compatible solutes is conserved across all kingdoms of life [462] 

and highlights the pivotal role of metabolism in cellular osmoregulation. Chemically, most known 

compatible solutes are either polyhydroxylated compounds such as sugars or polyols (e.g. 

mannitol, trehalose), amino acids (e.g. proline, glutamine), N-acetylated diaminoacids (e.g. Nδ-

acetyl-ornithine, Nε-acetyl-lysine), ectoines (e.g. ectoine, β-hydroxyectoine), betaines (e.g. 

glycine betaine, β-alanine betaine) or thetines (e.g. dimethylsulfoniopropionate) that commonly 

share the properties of being polar, highly water-soluble and carrying no net charge at 

physiological pH [41,466]. The usage of certain compatible solutes such as glycine betaine is 

conserved, whereas other compounds appear to be used only by few related species, for 

instance β-amino acids and derivatives in methanogenic archaea [462,466]. The accumulation 

and maintenance of large intracellular compatible solute pools constitutes a major investment of 
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cellular resources in terms of carbon and energy. Consequently, the re-routing of metabolic flux 

through osmolyte-producing reactions is expected to interfere with other metabolic processes 

these resources are diverted from. Moreover, high extracellular osmolality affects metabolism in 

additional ways, for example through direct inhibition of certain metabolic enzymes by inorganic 

salts [467–469] or through pleiotropic effects related to growth rate reduction [4,470]. Yet, 

compared to the role of compatible solutes, these global metabolic responses remain poorly 

understood and have only been investigated in few species [130,471–474]. Furthermore, it 

remains largely unclear whether the metabolic phenotype of a species correlates with its ability 

to tolerate certain levels of osmotic stress, a relevant question with implications for biomedical 

and biotechnological research. 

Here, we determined the global metabolic responses of fifteen phylogenetically distant 

species with a broad spectrum of tolerances to sustained hyperosmotic salt stress. Using 

nontargeted mass spectrometry [72], we measured semiquantitative levels of hundreds of 

metabolites that provide detailed insights into the salt-stress induced metabolic adaptations. We 

found global metabolic responses to be predominantly species-specific, but individual 

metabolites showing characteristically similar responses in phylogenetically closely related 

organisms. Finally, we demonstrate that the responses of intermediates of certain metabolic 

pathways, including central carbon metabolism and heme biosynthesis, consistently correlated 

with salt tolerance, and discuss how these pathways might be linked to salt tolerance.  

Results 

Species differ considerably in salt tolerance 

Fourteen diverse pro- and eukaryotic microbial species (eight Gram-negative bacteria, three 

Gram-positive bacteria, one acid-fast bacterium and two yeasts) were selected based on their 

status as model organisms and common use in industry, thereby ensuring broad practical and 

academic relevance of our findings. The selected bacteria include the Gram-negative model 

bacterium Escherichia coli, the Gram-positive model bacterium Bacillus subtilis commonly 

employed as a generally regarded as safe industrial production organism, the Gram-negative 

bacterium Zymomonas mobilis that efficiently converts renewable feedstock into biofuels such 

as ethanol, as well as the Gram-positive acid-fast bacterium Mycobacterium smegmatis, a non-

pathogenic and experimentally tractable proxy for the tuberculosis agent M. tuberculosis. Beside 

the model yeast Saccharomyces cerevisiae that is also widely used as production organism in 

industry and in food processing, we also selected the fission yeast Schizosaccharomyces pombe 

that is commonly used to study fundamental aspects of symmetric eukaryotic cell division. 

Additionally, we selected two human cell lines (primary dermal fibroblasts and immortalized 

breast adenocarcinoma cells) to assess responses in healthy and cancerous mammalian cells 

(Figure 6.1a and Supplementary Table 6.1).  
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Figure 6.1 | Analysis of salt tolerance in fifteen diverse species. (A) Phylogenetic tree of analyzed species. 

Jukes-Cantor distances between bacteria are drawn to scale based on aligned 16S small ribosomal subunit 

RNA sequences. Distances between eukaryotes are not drawn to scale for visualization purposes. Organisms 

are colored based on taxonomic classification, and cell wall strengths and typical habitats are indicated. Further 

information about strains and cell lines is provided in Supplementary Table 6.1. (B) Sustained hyperosmotic 

salt tolerance based on growth inhibition experiments. Salt tolerance is expressed as mean and standard 

deviation (n = 2) of concentrations inhibiting growth rates by 10% (IC10), 25% (IC25) and 50% (IC50) compared to 

unstressed conditions. Species are grouped according to taxonomic classification, and the colored horizontal 

bars indicate the average IC50 of each taxonomic group. (C) Comparison of salt tolerance between species 

colonizing different habitats. (D) Comparison of salt tolerance between species with different cell wall 

strengths. Differences between groups in panels B to D were not statistically significant (P > 0.05, unpaired 

two-tailed t-tests) for all comparisons except those with human cell lines. 
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To quantify species salt tolerance we performed growth inhibition assays. From constructed 

dose-response curves (Supplementary Figure 6.1) we determined the salt concentrations 

inhibiting growth rates by 10% (IC10), 25% (IC25) or 50% (IC50) compared to non-inhibitory 

conditions (Figure 6.1b and Supplementary Table 6.2). The observed salt tolerances varied 

considerably, with IC50 values ranging from 150 mM in the human MCF7 cell line to 1,500 mM 

NaCl in Z. mobilis. The taxonomic classification of organisms did not correlate with salt tolerance 

(Figure 6.1b) except for the two human cell lines that were particularly sensitive, presumably 

because osmolality in human body tissues generally is tightly regulated [475]. Natural microbe 

habitats also had no effect on their salt tolerance (Figure 6.1c). Although animal-associated 

microbes were slightly more tolerant than those free-living or associated with plants, the effect 

was not statistically significant (P ≥ 0.05, unpaired two-tailed t-tests). Microbes with thick cell walls 

were on average slightly more tolerant than thin-walled species, but this difference was again 

not statistically significant (P ≥ 0.05, unpaired two-tailed t-tests; Figure 6.1d), which is consistent 

with the main role of the cell wall of preventing cell lysis under hypoosmotic stress. The 

observation that neither taxonomic classification, natural habitat nor cell envelope structure were 

sufficient to explain the hyperosmotic salt stress tolerance indicates that the underlying 

molecular mechanisms are more deeply rooted in cellular physiology. 

Measuring metabolome responses to hyperosmotic salt stress 

To obtain deeper insights into the physiological adaptations to sustained hyperosmotic salt 

stress, we measured intracellular metabolite levels. To ensure comparable perceived stress 

severities despite the considerable variations in salt tolerance, we subjected each species to salt 

concentrations inhibiting their growth rate by either 0% (control), 10% (low stress), 25% (moderate 

stress) or 50% (high stress) (Supplementary Table 6.2), and harvested cultures during 

exponential growth at an optical density at 600 nm of 1.0 (microbes) or at 50% confluency (human 

cell lines). Intracellular metabolites were extracted first with a polar and subsequently with an 

unpolar solvent to capture both hydrophilic and hydrophobic compounds, and the extracts were 

separately analyzed using nontargeted flow-injection time-of-flight mass spectrometry [72]. After 

spectral data processing and merging, we detected 17,727 distinct m/z features (ions). For each 

organism we retrieved species-associated metabolites from the Kyoto Encyclopedia of Genes 

and Genomes (KEGG) database [158] to annotate ions based on accurate mass. For metabolites 

with a logarithmic octanol/water partitioning coefficient (logPO/W) ≤ 0 data from polar and for 

metabolites with logPO/W > 0 data from nonpolar extracts were used. Depending on the species 

we detected between 662 and 1,248 potential metabolites (Supplementary Online Data Set 6.1), 

with the method-inherent limitation of not being able to distinguish between isobaric 

compounds. This broad metabolome coverage provides detailed insights into the global 

metabolic responses to hyperosmotic salt stress.  

Known relative osmoprotectant levels and their stress-induced accumulation 

To systematically assess the use of known compatible solutes and other osmoprotectants 

across all species, we analyzed the responses of 54 detected metabolites with confirmed 

osmoprotective activity listed in the DEOP database [476] by computing fold-changes relative to 

unstressed control conditions. While literature reports suggest that only few compatible solutes 

are used per species (Supplementary Table 6.1), we typically observed a complex pattern of 
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dozens of potentially accumulating osmoprotectants (Figure 6.2a). We emphasize that our 

analytical platform allows only to determine relative metabolite levels, but not their absolute 

concentrations. Hence, it is possible that some of the detected osmoprotectants reach 

insufficient absolute concentrations to exert substantial impact on osmotolerance on their own. 

Nevertheless, the cumulative effects of the large number of observed osmoprotectants is likely 

to contribute at least partially to osmotolerance, thereby complementing and modulating the 

effects of established major compatible solutes. For instance, in E. coli we not only observed 

accumulation of its known compatible solutes trehalose and glutamate [42,406] and the 

membrane-stabilizing isoprenoid ubiquinone-8 [130], but also increasing levels of other 

osmoprotectants such as hypotaurine, arginine, malate or N-acetylornithine. Similarly, C. 

glutamicum not only accumulated proline, but also other amino acids and derivatives including 

N-acetylaspartate, N-acetylornithine, N,N-dimethylglycine or glycine. Other examples include the 

accumulation of disaccharides and N-acetylaspartate in R. sphaeroides or hypotaurine and 

glycerol in P. versutus. Finally, also the human MCF7 cell line accumulated various amino acids 

and ectoine in addition to the known compatible solutes inositol, betaine, taurine and sorbitol.  

Some osmoprotectants accumulated in several species, whereas others appeared to be 

species-specific, in particular in the two human cell lines. For example, the amino acids threonine, 

proline, lysine, leucine and histidine mostly decreased in microbes but increased in the MCF7 

cell line. Similarly, accumulation of monosaccharides and related compounds such as hexoses, 

inositol or sorbitol was also mostly observed in the human cell lines. Furthermore, the Gram-

negative proteobacteria were the only group of species found to accumulate polyprenyl 

quinones, hydrophobic compounds presumably increasing the stability of the cytoplasmic 

membrane [130,441], suggesting membrane stabilization to be mainly important for bacteria with 

thin cell walls. Conversely, other osmoprotectants were more widely used. We noticed that these 

included many simple nitrogen- or sulfur-containing compounds such as urea, hypotaurine or 

glycine that can be synthesized relatively easily either de novo or from precursors in the culture 

medium without requiring the expression of enzymes belonging to complex pathways. Betaine, 

a compatible solute that is known to be used by species of all domains of life [462], was not 

among these generally accumulating osmoprotectants, presumably because many species rely 

on its import from the extracellular medium that in our case did not contain betaine or its 

precursor choline in sufficient amounts. 

In principle osmotolerance may also be achieved by naturally high levels of intracellular 

osmoprotectant. To compare basal abundances of the 54 known osmoprotectants between 

species, we calculated Z-scores of these compounds in the unstressed control condition (Figure 

6.2b). Indeed, we observed that several species had high levels of certain osmoprotectants even 

in absence of salt stress. For instance, R. sphaeroides had relatively high levels of polyprenyl 

quinones, indicating a particular relevance of membrane stabilization in this organism regardless 

of applied stress, indeed one reason why this organism has been deemed a suitable host for 

ubiquinone-10 production [440]. Similarly, high levels of the polyols sorbitol and mannitol in Z. 

mobilis and several amino acids and derivatives in P. fluorescens indicated these compounds to 

convey passive basal osmoprotection to these species. Most strikingly were the relatively high 

levels of a large number of diverse osmoprotectants, including polyols, amino acids and the 

redox-active compounds glutathione, glutathione disulfide and dehydroascorbate in the yeast S. 
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cerevisiae. Our data therefore suggests that in S. cerevisiae, aside from the well-established 

accumulation of glycerol the naturally high levels of osmoprotectants and stress-alleviating 

compounds additionally contribute to salt stress tolerance, consistent with previous studies 

showing that in S. cerevisiae absolute levels of known osmoprotectants accounted for 80-90% 

of the covered metabolome [477,478] compared to 70% in E. coli [342] (Supplementary Figure 

6.2). Thus, maintaining generically high osmoprotectant levels may be a complementary strategy 

to salt-stress induced compatible solute accumulation that would require less additional protein 

synthesis, less metabolic rearrangements and less complex regulation. 

 

 

Figure 6.2 | Responses of known osmoprotectants to sustained hyperosmotic salt stress. (A) Fold changes 

relative to unstressed control conditions of 54 detected metabolites with confirmed osmoprotective activity 

listed in the DEOP database [476], as well as of additional relevant polyprenyl quinones. For each species, only 

osmoprotectants showing a significant response (|log2 fold-change| ≥ 1, P < 0.05, multiple-testing corrected 

two-sided unpaired t-tests) in at least one stress intensity were considered. Duplicate names represent 

different ions of the same metabolite because accurate mass annotation was ambiguous; refer to 

Supplementary Online Data Set 6.1 for complete annotations. Osmoprotectants were grouped based on their 

main chemical characteristics. (B) Baseline abundances of osmoprotectants at IC0 (unstressed control 

condition). Data are represented as Z-scores to compare relative abundances between species. Small Z-scores 

(|Z| < 1) are not colored. 
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Global metabolic salt stress responses are predominantly species-specific 

To investigate the global metabolic responses to hyperosmotic salt stress more deeply 

beyond the accumulation of osmoprotectants, we determined the fold-changes of all detected 

metabolite ions relative to the isosmotic control condition (Supplementary Online Data Set 6.1). 

In a principal component analysis species did not segregate into distinct clusters (Figures 6.3a 

and b), indicating that global metabolic responses were not dominated by specific inter-species 

relationships. The number of differential metabolites, again defined as having a |log2 fold-change| 

≥ 1 and a P-value < 0.05 (unpaired two-tailed t-tests, multiple-testing corrected) in at least one 

salt stress intensity, varied considerably between species (Figure 6.3c). On average 133 

metabolites were affected with the extremes of 50 and 223 responding metabolites in Z. mobilis 

and P. versutus, respectively. As expected, the number of differential metabolites increased with 

increasing salt concentrations in all species, confirming that higher cellular stress was reflected 

in the metabolome, presumably mainly through pleiotropic effects caused by growth rate 

reduction or changes in cell size. In most species the majority of differential metabolites were 

depleted, possibly because stressed cells devoted more resources to osmoprotection at the 

expense of other biosynthetic tasks. The complex responses were largely species-specific 

because most metabolites were only affected in one or two species (Figure 6.3d).  

 

 

Figure 6.3 | Hyperosmotic salt stress elicits complex and predominantly species-specific global metabolic 

responses. (A) Principal component analysis (PCA) was performed based on log2 metabolite ion fold-changes 
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upon low (IC10, L), medium (IC25, M) or high (IC50, H) salt stress relative to unstressed controls. For each species 

the three stress intensity points are connected by triangular patches for visualization purposes. Patches and 

labels are colored according to taxonomic classification as defined in Figure 6.1a. (B) Loading plot of 

metabolites underlying the PCA shown in panel A. Selected metabolites with large coefficients are highlighted. 

Note that metabolite annotations are based on accurate mass and can be ambiguous; refer to Supplementary 

Online Data Set 6.1 for complete annotations. (C) Numbers of strongly and significantly responding 

metabolites in each analyzed species, grouped either by the lowest stress intensity under which a change was 

observed (gray bars) or by change direction (magenta and blue bars). (D) Histogram of the number of species 

in which metabolite ions were affected by the individual salt stress intensities (black, dark gray and light gray 

curves) or by at least one stress intensity (magenta curve). 

 

To test whether phylogeny or other factors influence subsets of the metabolome changes, 

we systematically compare the responses of individual metabolites by a four-way analysis of 

variance (ANOVA). Indeed, we found 137 metabolites that were able to strongly and significantly 

(average log2 fold-change in most distinct group > 1, ANOVA P-value < 0.01) explain the 

differences between the groups of at least one factor. For 97 of these metabolites the variance 

depended on taxonomic grouping (Figure 6.5a). For instance, the two human cell lines 

specifically accumulated hexoses which was not observed in any of the microbes, consistent 

with the previously reported accumulation of inositol in human renal cells [463]. Another human-

specific response was the depletion of β-citryl-L-glutamate, an iron-chelating compound that was 

recently shown to maintain mitochondrial oxidative phosphorylation by preventing the 

inactivation of aconitase upon oxidative stress [479], which might explain the observed hexose 

build-up by blocking the tricarboxylic acid cycle flux. Other examples for taxonomy-dependent 

metabolite responses are the accumulation of cytosine by Actinobacteria, Firmicutes and γ-

Proteobacteria as well as the γ-Proteobacteria-specific depletion of the lipopolysaccharide 

precursor ADP-L-glycero-β-D-manno-heptose, demonstrating that the phylogenetic relationship 

among species does influence the metabolic salt stress response, albeit only at the level of 

individual metabolites. Similarly, 77 and 73 significantly different metabolites were observed 

when considering natural habitat or cell wall structure (Figure 6.5b and c), for instance the 

depletion of the cell wall precursor UDP-N-acetylmuramoyl-L-alanine-D-glutamate in animal-

associated bacteria or the accumulation of ubiquinone-8 and its precursor 3-octaprenyl-4-

hydroxybenzoate in thin-walled gram-negative bacteria. Although these factors obviously are 

partially interdependent with taxonomy, our data nevertheless suggest that natural habitat and 

cell wall structure may contribute to the response of specific metabolites to salt stress.  
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Figure 6.4 | Phylogenetic relationship between species is insufficient to explain differences in metabolic 

salt stress responses. (A) Cladogram of analyzed species based on metabolite ion log2 fold-changes upon 

exposure to low (IC10, L), medium (IC25, M) and high (IC50, H) salt stress relative to unstressed controls (IC0). 

Pairwise distances between samples were calculated using the Cityblock metric. Species labels are colored 

according to taxonomic classification as defined in Figure 6.1a. (B) Correlation of pairwise distances between 

species based on metabolic salt stress responses with phylogenetic distances. Distances between metabolic 

responses to different salt stress severities were calculated based on metabolite ion log2 fold-changes relative 

to IC0 using the Cityblock metric, and phylogenetic distances based on the aligned small ribosomal subunit 

RNA sequences using the Jukes-Cantor measure. R indicates Pearson’s correlation coefficient. 

 

The final, and perhaps most intriguing, factor we considered was salt tolerance, which we 

found to be largely independent of taxonomic classification, natural habitat or cell wall structure 

(Figure 6.1b). Indeed, we observed 43 significantly different metabolites among species with 

different levels of salt tolerance (Figure 6.5d). Most of these characteristic metabolites 

specifically depleted in salt-tolerant species while only few accumulated, consistent with our 

previous analysis that indicated that the accumulation of individual osmoprotectants did not 

depend on salt tolerance (Figure 6.2a). One large group of metabolites that consistently 

depleted in salt-tolerant species were various amino acids including leucine, tryptophan or 

methionine, implying that salt-tolerant species may either reduce their biosynthesis to re-direct 

their resources towards stress responses or conversely use these compounds as precursors for 

other processes involved in osmoprotection, such as the synthesis of osmoprotectants as we will 

discuss below. A second group of metabolites were various CoA thioesters and CoA itself that 

also depleted more strongly in salt-tolerant species. The depletion of CoA and derivatives has 

been previously observed in salt-stressed E. coli cells [130,480] but its functional role is unclear, 

in particular since higher levels of CoA were found to actually improve salt tolerance in plants by 

altering lipid metabolism [481]. Thus, although the global metabolic responses were mainly 

species-specific, the response of individual metabolites consistently depended phylogeny, 

habitat, cell wall structure and salt tolerance. 
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Figure 6.5 | Individual metabolite responses are influenced by species taxonomy, habitat, cell wall 

thickness and salt tolerance. Four-way analysis of variance (ANOVA) was performed on log2 metabolite fold-

changes in the different species upon high salt stress (IC50). Shown are the mean and standard errors of the 

40 most significant metabolites of each factor (all with ANOVA P < 0.01 and |log2 fold-change| > 1 in at least 

one group). Metabolites are sorted from left to right by ascending P-value. (A) Grouping of species according 

to taxonomic classification. (B) Grouping according to habitat. (C) Grouping according to cell wall thickness. (D) 

Grouping according to salt tolerance (IC50 < 500 mM NaCl = low; 500 ≤ IC50 ≤ 1,000 mM = medium; IC50 > 1,000 

mM = high). Note that metabolite annotations are based on accurate mass and can be ambiguous; refer to 

Supplementary Online Data Set 6.1 for complete annotations. 

Responses of several metabolites and pathways correlate with salt tolerance 

So far, we identified metabolites potentially associated with salt tolerance based on their 

specific responses in salt-tolerant and salt-sensitive species. Yet, salt tolerance is not a discrete 

phenotype but rather a continuous property influenced by the interplay of various cellular and 

environmental factors, which likely explains the diverse metabolic responses we observed even 

among comparably tolerant cells. We thus performed a correlation analysis to identify 

metabolites of which the response gradually increased or decreased with increasing IC50 values 

of analyzed species (Figure 6.6a and Supplementary Online Data Set 6.2). In total the 

responses of 36 metabolites anticorrelated (Pearson’s R < -0.5) and 25 metabolites correlated (R 

> 0.5) well with salt tolerance and additionally showed an absolute log2 fold-change > 1 in at least 

25% of the species, indicating a consistently strong response to salt stress. Among the 

anticorrelating metabolites were the branched-chain amino acids valine, leucine and isoleucine, 

the aromatic amino acids phenylalanine and tryptophan, the sulfur-containing amino acid 

methionine, various CoA thioesters and CoA itself, as well as several intermediates of heme 
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biosynthesis. Among the correlating metabolites were a considerable number of compounds of 

central carbon metabolism including pyruvate and 2-oxoglutarate. 

To obtain a systematic overview in which pathways these correlating metabolites were 

involved, we visualized them on the KEGG global metabolic pathway map using 

PathwayProjector (Figure 6.6b) [482]. While some correlating metabolites were seemingly 

disconnected from neighboring compounds, many others clustered in canonical pathways. 

Strikingly, the responses of virtually all intermediates of the lower glycolytic pathway and many 

compounds in the tricarboxylic acid cycle and the pentose phosphate pathway showed a positive 

correlation with salt tolerance (Figure 6.6c). While our data do not establish any causality, this 

result would be consistent with the hypothesis of increased energy production and redox 

cofactor regeneration in salt-tolerant species, potentially enabling these species to allocate more 

energy and building blocks to the biosynthesis of osmoprotectants, or to mitigate adverse 

secondary effects by, for example, more efficient clearance of reactive oxygen species (ROS) 

enabled by NADPH-dependent enzymes such as glutathione reductase [483]. Moreover, we 

observed a positive correlation of several intermediates in the biosynthesis of methionine and 

cysteine (Figure 6.6d), the latter containing the active moiety and being a direct precursor of the 

well-known ROS scavenger glutathione. Likewise, levels of late intermediates and the end-

products leucine, isoleucine and valine in branched-chain amino acid metabolism decreased 

more strongly in salt-tolerant organisms Figure 6.6e). A potential role of this strong depletion 

could be that branched-chain amino acids are used as ammonium donors in transamination 

reactions with 2-oxoglutarate to produce higher cellular levels of the main osmoprotective amino 

acids glutamate and proline. This route leading to osmolyte accumulation has indeed been 

observed in the bacterium Rhizobium meliloti in which exogenous addition of leucine stimulated 

glutamate biosynthesis under osmotic stress [484], as well as in plants in which drought induced 

the expression of branched-chain amino acid transferases [485,486]. Our data suggest this 

mechanism to be widely conserved and quantitatively linked to salt tolerance. We did not 

observe a strong accumulation of glutamate itself in most species, but as intracellular levels of 

glutamate in unstressed cells generally are considerably higher than those of other amino acids 

this would not necessarily be expected. Finally, we highlight heme biosynthesis whose 

intermediates strongly anticorrelated with salt tolerance. (Figure 6.6f). Heme is a widely 

conserved iron-chelating cyclic tetrapyrrole that is a prosthetic group of proteins involved in the 

respiratory electron transport chain and many other cellular processes [487], and we below 

discuss several hypotheses how heme depletion could be linked to salt tolerance. 
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Figure 6.6 | Correlation analysis of metabolite responses with salt tolerance. (A) Correlation of metabolite 

fold-changes in response to strong salt stress with IC50 values of the different organisms was assessed by 

Pearson’s correlation coefficient R. For each metabolite, the upper quartile x0.75 of absolute log2 fold-changes 

across all species was plotted against R. Only metabolites detected in more than 10 species were considered. 

Metabolites with |R| > 0.5 and x0.75 > 1 are highlighted in blue (anticorrelating metabolites) and pink (correlating 

metabolites), and the names of representative compounds are listed. The full correlation data is provided in 

Supplementary Online Data Set 6.2. (B) Visualization of metabolites correlating with salt tolerance on the 

KEGG metabolic pathway map using PathwayProjector [482]. Color intensity of metabolites indicates strength 

of positive (pink) or negative (blue) correlation, and size indicates x0.75. Key pathways are highlighted and 

labeled. (C) Correlation of fold-change with salt tolerance for selected compounds in lower glycolysis; (D) in 

cysteine and methionine metabolism; (E) in branched-chain amino acid metabolism; and (F) in heme 

biosynthesis. In panels C to F mean and standard deviation of four (microbes) or three (human cell lines) 

replicates are shown. Note that metabolite annotations are based on accurate mass and can be ambiguous; 

refer to Supplementary Online Data Set 6.1 for complete annotations. 
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Discussion 

In this work we employed nontargeted metabolomics to investigated the global metabolic 

responses of twelve diverse bacteria, two yeasts and two human cell lines exposed to 

hyperosmotic salt stress. We observed that in all organisms salt stress affected the abundances 

of dozens of metabolites throughout their metabolic networks, but surprisingly most metabolites 

responded only in one or two species. This highly species-specific global metabolic response at 

first seems unexpected, since the ubiquitous occurrence of salt stress suggests it must have 

been encountered already during early stages of life, and one might therefore have expected a 

more conserved response. Yet, it is well-known that salt tolerance itself can considerably vary 

sometimes even among species of the same genus [488], as can the usage of compatible solutes 

[466,489]. Moreover, species belonging to the same taxonomic groups frequently have 

fundamentally different metabolic phenotypes and lifestyles and consequently are likely to have 

evolved response mechanisms tailored to their particular needs. In this light, our observations 

support the notion that phylogeny is not a major determinant of how cells respond to salt stress.  

Which other factors, then, can explain these distinct metabolic responses? An obvious 

hypothesis we tested was that similar levels of salt tolerance would coincide with similar changes 

in metabolism. Yet, we found no evidence that the observed global metabolic responses 

depended on how much salt the individual species were able to tolerate. One possibility is that 

species with higher salt tolerance have higher basal levels of osmoprotectants already in 

unstressed conditions, a phenotype that we indeed observed in our study for some salt-tolerant 

organisms, in particular S. cerevisiae. A second possibility arises from differences in metabolic 

regulation between different species, meaning that the extent of cross-talk between salt stress 

response pathways and other cellular processes is likely to vary. A third possibility is that certain 

enzymes are differentially influenced by salt, leading to species-specific responses of 

metabolites in their metabolic neighborhood. We furthermore considered the role of the natural 

habitat of analyzed organisms, since severity and frequency of experienced salt stress, the 

availability of osmoprotectants as well as the co-occurrence of other perturbations and stimuli 

are likely to shape the global metabolic salt stress response through evolutionary selection. 

However, our analyses did not provide evidence that certain habitats would pre-dispose 

organisms to exhibit particular metabolic responses. One possible reason is that the habitat 

definitions we applied were rather coarse-grained and that the investigated species within 

individual habitats were highly diverse, meaning that our dataset may lack the statistical power 

required to reveal potential associations, which could be addressed in the future by a deeper 

coverage of species colonizing similar habitats. Another reason could be that we chose to 

cultivate all species in similar experimental conditions, thereby potentially masking natural 

environmental influences. Yet, disentangling environmental from salt-triggered metabolic effects 

would have been demanding and likely non-conclusive, at least for the diverse selected species.  

An unprecedented analysis made possible by our global metabolomics approach was the 

correlation of the response magnitudes of individual metabolites and pathways with the salt 

tolerance of analyzes species. Whereas the responses of pathway intermediates were too weak 

to be statistically significant in single species on their own, the correlation of response magnitude 

with salt tolerance over a wide range of species does suggest that the implication of these 
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pathways in the metabolic response to osmotic stress is conserved. Among the pathways with 

consistent correlations of multiple intermediates were central carbon metabolism and energy 

generation, branched-chain amino acid metabolism and heme biosynthesis. A more active 

central carbon metabolism might provide salt-tolerant organisms with the necessary energy and 

building blocks to fuel processes conveying salt tolerance, such as the biosynthesis of 

compatible solutes. Furthermore, reduced levels of branched-chain amino acids may indicate 

their increased consumption in transamination reactions fueling the accumulation of the 

osmoprotectant glutamate.  

Finally, we propose three not mutually exclusive hypotheses how a depletion of heme 

biosynthesis intermediates could be linked to salt tolerance. First, we note that in most species 

the committed steps of heme biosynthesis are the reactions converting glutamate via glutamyl-

tRNAGlu and glutamate semialdehyde to 5-aminolevulinate [487]. The accumulation of glutamate 

as osmoprotectant may require cells to reduce glutamate utilization by competing processes 

such as heme biosynthesis, and organisms doing so more thoroughly would be able to maintain 

higher intracellular glutamate concentrations. A second possibility arises from a previously 

reported connection between iron homeostasis and osmotic stress in the halophilic bacterium 

Chromohalobacter salexigens which was found to actively down-regulate iron demand and 

uptake when challenged by high salt concentrations [490]. Intracellular iron catalyzes the 

cleavage of hydrogen peroxide to hydroxyl and hydroperoxyl radicals in the Fenton reaction, a 

major source of ROS and oxidative cellular damage [491], and consequently lower heme-bound 

iron levels may reduce oxidative stress which can follow from osmotic stress [420,421]. Thus, a 

reason why certain species tolerate higher salt concentrations may be that they accumulate less 

ROS. The third and final hypothesis is that heme biosynthesis is reduced because the pathway 

is costly as it involves up to ten different enzymes and numerous complex cofactors including 

pyridoxal 5’-phosphate, tRNA, flavins and S-adenosyl-L-methionine [487]. Hence, species that 

more strongly reduced the copy numbers of enzymes involved in heme biosynthesis would have 

more resources available for osmoprotection. Yet, based on our data we cannot distinguish 

whether indeed transcriptional or translational regulation was responsible for salt-dependent 

changing levels of heme precursors, or whether other regulatory mechanisms not affecting 

protein levels, such as posttranslational regulation, were involved, and it will be interesting to 

probe these hypotheses in future investigations.  

To our knowledge, the dataset we obtained is the so far most comprehensive compendium 

of salt stress-induced metabolic responses across a panel of such diverse species. 

Consequently, our data enable the contemplation at unprecedented depth not only of canonical 

responses such as the accumulation of compatible solutes [42], but also of numerous other 

metabolic alterations that might reflect intricate functional connections between different cellular 

processes. While identifying mechanisms underlying or causing these complex responses is 

challenging and clearly beyond the scope of this work, we above discussed several cases in 

which our data appears to corroborate and expand previously reported mechanisms. We project 

that enriching and complementing future analyses of the cellular salt stress response, possibly 

guided by computational models or the integration of orthogonal data [37], could become major 

applications of the resource we generated. Moreover, the diversity of analyzed species suggests 

this resource to be potentially relevant for various communities ranging from biotechnological to 
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biomedical research. Altogether, our study has provided detailed insights into the pivotal role of 

metabolism for the cellular responses of diverse organisms to hyperosmotic salt stress, as well 

as a glimpse on the evolutionary and ecological determinants of salt tolerance. 
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Material and methods 

Strains and cell lines. Strains and cell lines used in this work and corresponding references are 

listed in Supplementary Table 6.1. Human cell lines were previously established and are 

commercially available (HDF cell line from Cell Applications Inc., San Diego, CA, USA, catalog no. 

106-05n; MCF7 cell line from DSMZ, Braunschweig, Germany, catalog no. ACC115).  

Chemicals. All chemicals were purchased from Sigma Aldrich (St. Louis, MO, U.S.A.) at the 

highest available purity (typically >95%) unless indicated differently. 

Medium for bacterial cell cultures. The medium used for bacterial cell cultures was lysogeny 

broth (LB; 10 g/L Bacto tryptone, 5 g/L Bacto yeast extract, 5 g/L D-glucose) supplemented with 

NaCl as indicated.  

Medium for yeast cell cultures. The medium used for yeast cell cultures was YPD medium (10 

g/L Bacto yeast extract, 20 g/L Bacto peptone, 20 g/L D-glucose) supplemented with NaCl as 

indicated.  

Human cell cultures. HDF cells were cultivated at 37° C at 5% CO2 in humidified atmosphere in 

Dulbecco’s modified Eagle medium (DMEM; Life Technologies) supplemented with 4.5 g/L D-

glucose, 2 mM GlutaMAX, 10% fetal calf serum (PAA, Pasching, Austria), 100 U/mL 

penicillin/streptomycin and indicated amounts of NaCl and used at passage numbers four to six. 

MCF7 cells were cultivated under identical conditions in DMEM supplemented with nutrient 

mixture F-12 (Life Technologies), 4.5 g/L D-glucose, 2 mM GlutaMAX, 10% fetal bovine serum, 100 

U/mL penicillin/streptomycin and indicated amounts of NaCl. Cells were maintained by splitting 

twice a week at a ratio of 1:6 at approximately 80% confluency by adding phosphate-buffered 

saline (PBS; Life Technologies) containing 0.25% trypsin for 2 min after washing with pre-warmed 

PBS.  

Salt tolerance analysis of bacterial cells. Precultures in 5 mL LB medium supplemented with 5 

g/L NaCl were inoculated from -80° C glycerol stocks and incubated at 30° C in an orbital shaker 

at 300 r.p.m. for 24 h. From these precultures 5 μL were used to inoculate transparent flat-bottom 

96-round-well plates containing 200 μL prewarmed LB medium per well supplemented with 

twelve different NaCl concentrations from 50 mM to 2,500 mM in duplicates. Cell growth of 

cultures shaken at 30° C was monitored in a TECAN Infinite M200 plate reading instrument 

(TECAN group) by measuring the absorbance at 600 nm every 10 min over a period of at least 

24 h. From the resulting growth curves the maximum exponential growth rates were calculated, 

and IC10, IC25 and IC50 values were computed from sigmoidal curves fitted to maximum growth 

rates plotted against salt concentrations (Supplementary Figure 6.1). 

Salt tolerance analysis of yeasts was performed analogously to the analysis in bacteria, except 

that the medium was YPD, the 96-well plates used were transparent flat-bottom flower plates 

(M2P labs) and growth at 30° C was monitored by measuring culture turbidity in 5 min intervals 

over a period of at least 48 h using a BioLector (M2P labs) with ambient relative humidity set to 

85%. 
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Salt tolerance analysis of human cell lines. HDF and MCF7 cells were harvested at 80% 

confluency and seeded at a density of 10,000 cells/well in 96-well plates containing the 

respective media supplemented with 0 to 250 mM NaCl in six replicates per concentration. Cell 

numbers were determined after 24 h, 48 h and 72 h by washing with PBS, fixing for 15 min with 

4% paraformaldehyde and staining nuclei with 1 µg/mL Hoechst 33342 dissolved in PBS. Hoechst 

fluorescence intensity per well (excitation wavelength 350 nm, emission wavelength 460 nm), 

correlating linearly with cell number as confirmed by dilution series (Supplementary Figure 6.4), 

was measured in a TECAN Infinite M200 plate reader (TECAN group) to quantify cell growth. Cell 

numbers after 72 h were plotted against salt concentrations, and IC10, IC25 and IC50 values were 

computed from a sigmoidal fit to these data (Supplementary Figure 6.1). 

Sample preparation for metabolomics. Microbes were grown in 1.5 mL of their respective media 

in 96-deepwell plates at 30° C shaking at 300 r.p.m. at indicated salt concentrations in 

quadruplicates until reaching an optical density at 600 nm of 1.0. A culture volume of 1 mL was 

then harvested by fast centrifugation (1 min at 13,000 g and 4° C) and quenched in liquid nitrogen 

until further processing. Metabolites from cell pellets were first extracted for 10 min at 85° C with 

150 µL ethanol:water (70:30%-v/v) to capture polar compounds. After centrifugation (10 min at 

13,000 g and 4° C) and collection of the supernatant, a second extraction with 150 µL 

chloroform:methanol (2:1%-v/v) was performed for 1 h at 4° C to capture nonpolar compounds 

such as lipids. Human cell lines were grown in 6-well culture dishes as described above in 

presence of indicated NaCl concentrations in triplicates until reaching 50% confluency. Cells 

were then rapidly washed twice with 75 mM ammonium carbonate at pH 7.4 and immersed in 

liquid nitrogen to quench metabolism. Metabolites were first extracted twice for 2 min at 85° C 

with 700 µL ethanol:water (70:30%-v/v) and, after collecting the supernatant, once for 1 h at 4° C 

with 1.5 mL chloroform:methanol (2:1%-v/v). Samples were stored at -80° C for at most two weeks 

prior to analysis.  

Flow-injection mass spectrometry. Metabolomics samples were analyzed by flow-injection time-

of-flight MS [72] with an Agilent 6550 iFunnel QToF instrument (Agilent, Santa Clara, CA, U.S.A.) 

operated in negative ionization mode at 4 GHz high-resolution in a range from 50-1,000 m/z 

using published settings. All samples were analyzed in a single batch to minimize inter-batch 

variability, and always two technical replicates per sample were analyzed. The mobile phase was 

60:40 isopropanol:water (v/v) and 1 mM NH4F at pH 9.0 supplemented with 10 nM hexakis(1H-, 

1H-, 3H-tetrafluoropropoxy)phosphazine and 80 nM taurocholic acid for online mass correction. 

Spectral processing and ion annotation based on accurate mass within 0.005 Da using for each 

species a list of metabolites derived from reactants of genome-encoded enzymes based on the 

KEGG database [158] and accounting for [M-H]- and [M-H, 1x12C->13C]- species was performed 

using Matlab R2015a (The Mathworks, Nattick, MA, U.S.A.) as described previously [72]. 

Metabolomics data was quantile-normalized to account for variations in extracted biomass, and 

either log2 fold-changes of normalized ion intensities relative to unstressed conditions or Z-

scores for each ion across all species (the abundance of an ion in a species minus the mean 

abundance of this ion divided by its standard deviation) were calculated as indicated to 

determine relative quantities. 
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Statistical and computational analysis. Statistical and computational analysis of data was 

performed using Matlab R2015a (The Mathworks) and functions embedded in the Bioinformatics 

and Statistics toolboxes. The types of statistical tests used and the returned P-values are 

indicated when referring to these tests. Multiple testing correction was applied when indicated 

using Storey’s and Tibshirani’s method of false discovery rate estimation [492]. 
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Supplementary information 

 

 

Supplementary Figure 6.1 | Analysis of growth inhibition by salt. Exponential growth rates of microbes under 

sustained salt stress were determined by absorbance (bacteria) or turbidity (yeasts) measurements in complex 

media at 30° C and normalized to respective growth rates in unstressed conditions. Human cell lines were 

cultivated at 37° C for 72 h at indicated salt concentrations and cell count was determined based on Hoechst 

fluorescence measurements and normalization to respective cell counts in unstressed conditions. (A) A. 

tumefaciens. (B) B. subtilis. (C) C. glutamicum. (D) E. coli. (E) L. casei. (F) M. smegmatis. (G) P. versutus. (H) P. 

fluorescens. (I) P. putida. (J) R. sphaeroides. (K) S. cerevisiae. (L) S. pombe. (M) S. meliloti. (N) Z. mobilis. (O) H. 

sapiens HDF. (P) H. sapiens MCF7. (Q) Legend and axis labels for panels A-P. n = 2 for microbes and n = 4 for 

human cell lines. 
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Supplementary Figure 6.2 | Intracellular pools of known osmoprotectants. (A) E. coli grown in minimal 

glucose medium, intracellular data from [342]. (B) S. cerevisiae grown in minimal glucose medium, dry-weight 

specific data from [478] converted to intracellular concentrations assuming a cytoplasmic volume of 40 fL and 

a cellular dry weight of 30 pg/cell. Only compounds quantified in both studies are considered in panels A and 

B to account for differential analytical coverage. These compounds are listed below the legend. (C) Total 

intracellular concentrations of the quantified osmoprotectants in both studies. Compounds were classified as 

known osmoprotectants according to the DEOP database [476]. 
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Supplementary Figure 6.3 | Natural habitat, cell wall structure and salt tolerance have no dominant 

influence on the global metabolic salt stress response. Principal component analysis (PCA) was performed 

based on log2 metabolite ion fold-changes upon low (IC10, L), medium (IC25, M) or high (IC50, H) salt stress 

relative to unstressed controls. For each species the three stress intensity points are connected by triangular 

patches for visualization purposes. Patches and labels are colored according to the respective legends in the 

panels as defined in Figure 6.1a. Classification of species based on (A) natural habitat; (B) cell wall thickness 

and (C) salt tolerance (IC50 < 500 mM NaCl = low; 500 ≤ IC50 ≤ 1,000 mM = medium; IC50 > 1,000 mM = high). 

The underlying loading plot with highlighted selected metabolites is shown in Figure 6.3b. 
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Supplementary Figure 6.4 | Quantification of cell numbers by Hoechst-staining of nuclei. Calibration curves 

were generated by diluting known cell numbers in PBS, applying Hoechst staining and measuring fluorescence 

intensity at wavelengths of 350 nm (excitation) and 460 nm (emission). Data is shown as mean and standard 

deviation of six replicates. A linear fit was applied to points in the unsaturated signal range. (A) H. sapiens HDF 

cells. (B) H. sapiens MCF7 cells.  
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Supplementary Table 6.2 | Salt tolerance of investigated species. Salt sensitivities were determined in 

complex media at 30° C (microbes) or 37° C (human cell lines), respectively. 

species/cell line IC10 

mean ± 
std.dev. 

(mM NaCl) 

IC25 
mean ± 
std.dev. 

(mM NaCl) 

IC50 
mean ± 
std.dev. 

(mM NaCl) 

Homo sapiens HDF 89 ± 0 103 ± 0 120 ± 0 

Homo sapiens MCF7 60 ± 0 80 ± 0 105 ± 0 

Escherichia coli 534 ± 30 732 ± 30 995 ± 30 

Pseudomonas putida 543 ± 4 693 ± 4 883 ± 4 

Pseudomonas 
fluorescens 

277 ± 5 397 ± 5 566 ± 4 

Rhodobacter 
sphaeroides 

119 ± 44 184 ± 51 290 ± 50 

Paracoccus versutus 460 ± 14 602 ± 12 785 ± 9 

Sinorhizobium meliloti 110 ± 46 189 ± 65 323 ± 88 

Agrobacterium 
tumefaciens 

149 ± 34 211 ± 27 308 ± 7 

Zymomonas mobilis 280 ± 53 628 ± 14 1535 ± 115 

Saccharomyces 
cerevisiae 

249 ± 58 632 ± 203 1503 ± 349 

Schizosaccharomyces 
pombe 

30 ± 14 74 ± 23 180 ± 25 

Lactobacillus casei 714 ± 41 1050 ± 30 1475 ± 12 

Bacillus subtilis 415 ± 50 557 ± 30 746 ± 7 

Corynebacterium 
glutamicum 

743 ± 0 866 ± 4 1010 ± 9 

Mycobacterium 
smegmatis 

145 ± 25 335 ± 0 781 ± 85 
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Main findings 

Metabolism is fundamental for cellular function in providing energy and building blocks, yet 

the topologies of metabolic networks are incompletely understood owing to missing enzymes 

and metabolites. In the first part of this thesis (Chapters 3 and 4), I report the development and 

application of a nontargeted metabolomics approach to systematically discover novel and 

promiscuous enzymes in E. coli, thereby refining the topology of its metabolic network. In the 

second part of this thesis (Chapters 5 and 6), I demonstrate the potential of nontargeted 

metabolomics to obtain insights into the global metabolic responses of various organisms to salt 

stress, shedding light on their physiological adaptations to a complex environmental 

perturbation. Specifically, this thesis provides the following tools and key insights:  

� We developed a method to probe purified or overexpressed proteins for enzymatic 

activity, based on their incubation in a mixture of putative substrates and the subsequent 

identification of substrates and products by nontargeted metabolomics. This method is 

broad and untargeted, meaning that identifiable enzymes are not limited by a priori 

selected substrates. Moreover, it provides direct experimental evidence for the conversion 

of natural reactants, obviating the need for artificial reporter compounds or the design of 

indirect assays. Finally, it is multiplexed and scalable, allowing to test an individual protein 

for thousands of putative reactions in parallel within a few minutes and screen entire 

proteomes within a few weeks.  

� Our enzyme discovery method revealed over two hundred novel enzymes in E. coli, 

encoded by functionally uncharacterized genes catalyzing reactions throughout 

metabolism. Intriguingly, many novel enzymes acted on metabolites not listed in current 

databases, highlighting the need to further elucidate the metabolome. The accuracy of the 

screen results was confirmed by experimental validation of twelve diverse novel enzymes, 

among which two dehydrogenases synthetizing 2-hydroxyglutarate, a metabolite 

implicated in various human diseases. 

� We found that a surprisingly large number of known enzymes in E. coli catalyzing additional 

reactions, experimentally confirming the long-standing hypothesis that enzyme 

promiscuity is a widespread property of metabolic enzymes. Moreover, using a constraint-

based modeling approach, we predict these enzymes to play an important role in the 

evolvability of E. coli metabolism towards the utilization of novel nutrients.  

� We discovered a novel mechanism contributing to hyperosmotic salt stress tolerance in E. 

coli, namely the stabilization of its cytoplasmic membrane by accumulation of the 

respiratory electron carrier and isoprenoid ubiquinone-8 and its precursors. Ubiquinone 

accumulation was also observed in various other Gram-negative bacteria, but not in Gram-

positive bacteria, yeasts or human cell lines. 
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Outlook 

Impact of discovered novel and promiscuous enzymes 

The many novel and promiscuous enzymes we discovered during the course of this thesis 

even in the well-characterized model organism E. coli should provide an impetus to further 

elucidate the topologies of metabolic networks, in particular those of non-model organisms. The 

newly discovered enzymes can serve as a starting point towards this goal since several of them 

have homologs in other species. For example, the multispecific nucleosidase YgdH we 

discovered belongs to the protein family of unknown function UPF0053 and is conserved among 

various enterobacteria, including the human pathogen Salmonella typhi where it has 83% 

sequence identity with uncharacterized YgdH protein. Similarly, the novel fumarate hydratase 

YdhZ has 81% sequence identity with YdhZ in S. typhi, and the nucleoside phosphorylase YaiE 

has a homolog with 99% sequence identify in the human pathogen Shigella sonnei. Beyond 

simple sequence homology, the genes we annotated can be included in functional genomics 

algorithms that consider additional features such as protein structure or genome context. Thus, 

in addition to refining our knowledge of the metabolic network of E. coli, the identified genes 

may contribute to a better understanding of human pathogens and diseases.  

Our observation that many known and most of the newly discovered enzymes in E. coli 

catalyze multiple reactions sheds a new light on enzyme function and could be exploited to study 

the evolutionary trajectories leading to enzyme differentiation and specialization. For example, 

comparing the substrate specificity profiles of different enzymes could complement phylogenetic 

analyses in understanding how enzyme functions evolved from diverging protein sequences. 

Another interesting venue would be to relate the three-dimensional structures of promiscuous 

enzymes to their different substrates. Despite promising recent advances [207], predicting 

enzyme substrates from protein structures remains challenging owing to the many possible 

binding opportunities of numerous small molecules to multiple putative active sites. The 

promiscuous reactants identified in this work could provide starting points for more feasible 

targeted in silico docking studies to elucidate the structural and mechanistic basis of promiscuity. 

Furthermore, the large extent of promiscuity we observed may have some unfortunate practical 

implications: accounting for enzyme promiscuity will complicate the interpretation of 

metabolomics data and the planning of rational modifications to metabolism, for instance in the 

context of metabolic engineering or drug development. Nevertheless, knowing the true catalytic 

potential of enzymes can reconcile seemingly incongruent experimental observations. For 

example, the synthetic lethality of many enzyme pairs in E. coli currently cannot be explained by 

their known catalytic activities, which could for instance make the design of combinatorial 

antibiotic therapies challenging. Considering the role of enzyme promiscuity can thus help to 

understand the functional basis of such phenotypic observations and will ultimately advance our 

understanding of genotype-phenotype relationships. 

We emphasize that the biological relevance of the discovered promiscuous and novel 

reactions ultimately depends on the rates at which they occur in the living cell. These rates 

depend not only on catalytic parameters of the enzymes themselves, but are moreover 

influenced by other cellular factors such as substrate or inhibitor concentrations, post-
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translational modifications, protein complex membership or gene expression, as well as 

environmental conditions. Thus, determining absolute reaction rates may be required to 

accurately assess the physiological role of the discovered reactions. Nevertheless, many of the 

reactions integrate well into the known topology of E. coli metabolism and may thus improve the 

quality of metabolic models as tools for data analysis and hypothesis generation. The rational 

design of metabolic alterations in biotechnology and medicine are likely to profit from more 

accurate metabolic models, as a higher prediction accuracy should ultimately manifest in a 

reduced effort required for their practical implementation. For example, a more complete 

knowledge of competing pathways draining carbon from a designated production pathway in 

metabolic engineering applications could lead to production strains with higher product yields. 

A specific example would be to consider deleting the discovered novel and promiscuous 

enzymes YaiE, YgdH, YgjP, Add, DeoA, Pfs and RihB, all of which catalyzing reactions involving 

nucleotides, in the production of nucleotides and related compounds. Similarly, improved models 

may help to explain apparently disconnected metabolic responses to genetic or environmental 

perturbations, for instance if additional reactions connecting different metabolic pathways are 

included. For example, the adenine deaminase Add that was found to be a promiscuous 

fumarase connects nucleotide metabolism with the Krebs cycle, and the deoxyadenosine 

nucleosidase Pfs connects nucleotide degradation with one-carbon metabolism through 

promiscuous catalysis of S-adenosyl-L-methionine and S-adenosyl-L-homocysteine hydrolysis. 

Other reactions we discovered, in contrast, are seemingly disconnected from known reactions, 

thereby providing starting points for further enzyme discovery endeavors. By filling the gaps 

between the known metabolic network and disconnected reactions, a prioritized list of missing 

enzymes and metabolites can be established and used to design targeted experiments for their 

discovery. Indeed, such a study has already been conducted based on previously known 

metabolic network gaps [493]. Due to the 20% recovery achieved by our enzyme discovery 

method, we anticipate that many more promiscuous, moonlighting and novel enzymes may exist, 

even in E. coli. Their identification and incorporation into metabolic models will further sharpen 

our picture of the metabolic network and contribute to novel biological insights. 

Improvement of the developed enzyme discovery method 

Despite its successful application in the projects of this thesis, the nontargeted enzyme 

discovery method we developed can be improved in several ways. One inherent drawback is 

the inability to distinguish between isomers, which in some cases complicates reaction 

assignment. While distinguishing isomers and maintaining the benefits of nontargeted mass 

spectrometry in terms of coverage and analytical throughput will be challenging, a feasible 

workaround could be to re-analyze samples with ambiguously annotated hit ions by targeted 

methods such as UHPLC-MS/MS [71] to ascertain their identity. Such a secondary analysis is 

unlikely to eliminate all remaining uncertainties as for many compounds a dedicated method 

would have to be developed, but several compounds such as hexoses or the amino acids leucine 

and isoleucine are well separated by common targeted metabolomics methods that are readily 

available [71]. 

Another major drawback is the low recovery rate of known enzymatic reactions in the range 

of twenty percent. While this may be acceptable for large screens such as ours in which low 

recovery is balanced by the sheer number of screened proteins that still allows biologically 
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interesting conclusions, it would not be satisfactory for applications in which only few screened 

proteins are enzymes or in which the number of screened proteins is low. One factor limiting 

recovery was that about a third of the proteins could not be purified because of aggregation, 

toxicity or similar reasons. To overcome this limitation, in vitro translation could be used, possibly 

in presence of an artificial chaperone system preventing aggregation, although costs could be 

prohibitively high when screening large numbers of proteins. Alternatively, protein expression 

could be decoupled from cell growth by inducing expression only at high cell densities. We 

adopted this strategy in an ongoing enzyme screen of the entire S. cerevisiae proteome, and 

indeed the fraction of non-purifiable proteins was lower than in the E. coli expressions performed 

in this thesis, although general differences between the two organisms preclude definite 

conclusions.  

Another factor limiting recovery is the metabolome extract we selected as a source of 

candidate substrates. Although this extract contains many biologically relevant metabolites, 

including compounds that are not commercially available as well as previously unknown 

molecules, many of these metabolites may have been too low-abundant to detect their 

conversion. Moreover, it is conceivable that the concentrations of many reactant pairs were close 

to thermodynamic equilibrium, preventing a net concentration change through enzymatic 

activity. To overcome these limitations, we suggest two alternative solutions: First, one could 

prepare a sufficiently concentrated synthetic equimolar mixture of a large number of 

commercially available metabolites to ensure detectable concentration changes (from 

experience, this would likely be in the order of 10 µM). Obviously, this approach would exclude 

unknown or unavailable metabolites and, depending on the chosen components of the mixture, 

might be prohibitively expensive when screening a large number of proteins. Yet, cases are 

conceivable where the biological relevance of the chosen compounds could justify this 

approach, for example when screening for enzymes in drug metabolism that have clear 

implications for human health and diseases, or for enzymes synthetizing or degrading antibiotics 

or other high-value bioactives. Second, the metabolome extract used as substrate source could 

be prepared from species in which natural cytoplasmic conditions are distinct from screening 

conditions, such as extremophiles occupying vastly different habitats or mesophilic species that 

regulate cytoplasmic conditions at different set points, for example S. cerevisiae which has a 

considerably more acidic cytoplasmic pH than E. coli. For instance, temperature affects the Gibbs 

formation energies of metabolites and thereby free energies and thus equilibria of all metabolic 

reactions [494], pH (that is, the log10 of the cytoplasmic proton concentration) affects equilibria of 

acid-base reactions or redox reactions involving free protons, and salinity affects cytoplasmic 

water activity and hence equilibria of all hydrolysis and condensation reactions. In addition to 

thermodynamic effects, all these environmental parameters may affect different enzymes in 

different ways, further leading to changes in non-equilibrated steady-state metabolite 

concentrations. The downsides of this alternative are the specialized equipment that may be 

required to cultivate extremophile species at sufficiently high cell densities, and the unclear 

biological relevance of eventually discovered reactions. Nevertheless, for investigation in which 

a relevant physiological role of discovered enzymes is not the main focus, such as for certain 

projects in the biotechnology industry, this approach could be a viable option. 
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Another desirable improvement of the enzyme discovery method would be to obtain 

absolute reaction rates instead of the current relative rates. This would permit to systematically 

derive kinetic parameters of detected enzymes, thereby allowing to distinguish whether 

observed activities are high or low. However, this would require substantial changes to the 

analytical platform. The currently employed flow-injection sample delivery system is unlikely to 

meet the requirements of a quantitative method due to strong matrix effects that usually prevent 

the use of calibration curves for concentration determination. In preliminary work we attempted 

to implement an approach based on normalization to 13C isotopomers. While this approach 

worked reasonably well for small sample numbers, the instrument drift occurring for large sample 

cohorts would require to measure separate calibration series for each sample batch, rendering 

this approach both expensive and time-consuming. To reduce the influence of the sample matrix, 

improve calibration curve quality and enhance analyte signal reproducibility, an additional in-line 

solid-phase extraction step could be included in the sample work-up to remove salts and lipids. 

Such sample delivery systems are already commercially available and, although vastly exceeding 

the needs of most academic laboratories, are increasingly used in industry. Although calibration 

curves could only be generated for commercially available compounds, depending on the 

research question at hand (such as studying pharmacokinetics in drug metabolism) the 

obtainable data might yet be highly informative.  

Applications of the method for enzyme function discovery and characterization 

A natural application for our method would be to screen for novel enzymes, promiscuity and 

moonlighting in the proteomes of additional species for which genome-scale overexpression 

libraries are available, such as yeasts [495] or humans [496]. This would allow to probe the 

generality of the findings of this thesis and to investigate the roles of novel enzymes, promiscuity 

and protein moonlighting in more complex organisms. Another application for enzyme discovery 

could be the screening of metagenomic expression libraries, thereby circumventing the 

challenge of generating high-quality overexpression libraries for each species of interest. This 

approach could have useful applications in ecology, for instance to discover enzymes degrading 

toxic anthropogenic chemicals or catalyzing critical steps in the biosynthesis of complex 

bioactive molecules such as antibiotics.  

Another possible application of our method to study enzyme function could be to screen for 

enzyme-enzyme interactions that accelerate reaction rates via mechanisms such as substrate 

channeling or enzyme clustering [497]. The concept here would be to systematically incubate 

combinations of purified enzymes catalyzing sequential reactions with the substrates of one of 

the enzymes, and to compare the reaction rates in presence of different enzymes to those of 

individual enzymes. The number of combined enzymes could range from simple pairs of 

enzymes catalyzing sequential reactions to entire metabolic pathways, depending on the 

question of interest. Enzyme-enzyme interactions are known to accelerate biological reactions 

by increasing the effective local substrate concentrations and could be relevant to shield reactive 

intermediates from spontaneous reactions with other cellular components. The multiplexed 

readout of our method would allow to test different protein combinations simultaneously for 

multiple catalytic activities, thereby allowing to perform these experiments efficiently for a large 

number of putatively interacting enzymes.  
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Applications of the developed method to investigate metabolic regulation 

Moreover, the method we developed can be modified to address a number of additional 

research questions beyond enzyme discovery, focusing instead on metabolic regulation. One 

conceivable application which we are currently exploring together with my coworker Marieke 

Buffing is the discovery of interactions between proteins and metabolites that modulate 

enzymatic activity. The principle behind such experiments would be to incubate enzymes with 

their substrates in presence of different putative effector molecules to identify compounds that 

affect reaction rates. Such functional protein-metabolite interactions could include regulatory 

allosteric interactions or enzyme inhibition by drugs, and thus have applications in various fields 

ranging from regulatory network characterization to medical research.  

Yet another possible application of our method would be to investigate the effect of post-

translational modifications (PTMs) on enzyme activities. It is well known that certain PTMs affect 

enzyme activity [4], yet these functional interactions are hard to distinguish from the many non-

functional or spurious interactions that are typically observed. By incubating broad-specificity 

protein kinases, acetyl transferases or other protein-modifying enzymes (or, alternatively, 

unspecific chemical protein modifiers such as acyl phosphates) with several metabolic enzymes 

in parallel and detecting changes in their activities, our nontargeted in vitro metabolomics 

method could be used to identify PTMs functionally relevant for metabolism.  

A final suggested application of our method is the discovery of functional targets of protein 

kinases and other protein-modifying enzymes. The assays would consist of incubating multiple 

metabolic enzymes known to be functionally regulated by PTMs with different modifying 

enzymes, and to detect changes in reaction rates as readout for functional modification events. 

Again, the multiplexed readout of nontargeted metabolomics would allow to screen hundreds of 

target enzymes in parallel for each putative modifying enzyme, thereby enabling the efficient 

activity-based screening of entire kinomes, acetylomes or other PTMomes. In summary, we 

anticipate that nontargeted enzyme activity profiling will be applied not only for enzyme 

discovery, but also to obtain insights into functional molecular interactions that drive metabolic 

regulation. 

The potential of nontargeted metabolomics for data-driven hypothesis generation  

Throughout this thesis, I made extensive use of nontargeted metabolomics to obtain a 

comprehensive view of metabolic changes in situations where it was a priori unclear which 

metabolites would actually be relevant. The potential of this approach is epitomized in the 

unexpected discovery of the protective role of ubiquinone-8, a molecule which has never before 

been functionally associated with salt tolerance and whose role has therefore long remained 

elusive. Many other biological questions exist in which it is difficult to accurately predict which 

metabolites will respond to genetic or environmental perturbations. For example, complex 

human diseases such as cancer in which numerous interacting processes are dysregulated often 

are found to manifest in equally complex metabolic phenotypes [498]. Consequently, 

nontargeted approaches are required to systematically screen for metabolic signatures that can 

be exploited as diagnostic biomarkers or reveal disease mechanisms, promising to lead to better 

treatments. In particular, I anticipate that high-throughput nontargeted metabolomics methods 

will be increasingly employed to circumvent the practical challenges posed by an incomplete 

understanding of metabolism. In the foreseeable future, it seems unlikely that all parameters and 
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interactions will be identified and combined into a global and quantitative model of metabolism 

that can comprehensively predict direct and indirect metabolic responses to complex 

perturbations, not even in well-studies model organisms. Instead, high-throughput nontargeted 

metabolomics offers the possibility to rapidly profile large sample cohorts and to generate 

hypotheses directly from the obtained data, thereby ensuring that relevant signals are detected 

despite incomplete knowledge of metabolism. The key to unlock the full potential of nontargeted 

metabolomics will be the development of data analysis tools that can infer causal relationships 

among complex metabolic responses and other cellular processes. Then, the unexpected and 

data-driven insights provided by nontargeted metabolomics are likely to transform metabolism 

research by enabling researchers to fully exploit the rich information encoded in the 

metabolome. 
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