UC San Diego

UC San Diego Electronic Theses and Dissertations

Title
Integrating Multi-Omics Knowledge with Metabolic Modeling: Enabling Interoperability
Across Computational Biology Tools

Permalink
https://escholarship.org/uc/item/8k63h9cA

ISBN
9798270248338

Author
Patel, Arjun

Publication Date
2025-12-24

Peer reviewed|Thesis/dissertation

eScholarship.org Powered by the California Diqital Library

University of California


https://escholarship.org/uc/item/8k63h9cx
https://escholarship.org
http://www.cdlib.org/

UNIVERSITY OF CALIFORNIA SAN DIEGO

Integrating Multi-Omics Knowledge with Metabolic Modeling: Enabling Interoperability Across
Computational Biology Tools

A Dissertation submitted in partial satisfaction of the requirements
for the degree Doctor of Philosophy

in

Bioengineering

Arjun Patel

Committee in charge:

Professor Bernhard & Palsson, Chair
Professor David J Gonzalez
Professor Nathan E Lewis

Professor Benjamin L Smarr

2025



Copyright
Arjun Patel, 2025

All rights reserved.



The Dissertation of Arjun Patel is approved, and it is acceptable in
quality and form for publication on microfilm and electronically.

University of California San Diego

2025

il



Dedication

To my family, friends, best friend/wife, and cat. I couldn’t have done this without you all.

v



Table of Contents

Dissertation APProval PAZE ........cccuieiiiiiiiiiieieceeeee et et il
DIEAICATION ...ttt ettt ettt e st et b e e bt e bt e s ht e e bt e bt e et e et e e sateebeenaeas v
TaADIE OF CONLENLS ... ettt et b et sb et sb ettt e bt et e sbeebeeeee e v
LIST OF FIGUIES ...eeeiiee ettt ettt e et e et e e st e e sateeetteesnseeeenseeensseeennseesnsaeennseeesseas X
LISt OF TADIES ...ttt sttt sttt ettt xi
ACKNOWIEAZEMENES ... ...iiiiiieciiecie ettt e e et e e e taeesseeesnseeesseesnsaaesnseeennseas xii
VEE@ et h et e h e bttt h et e h e bttt h bt ea e s bt et e eh e e bt entenheentes XVi
Abstract 0f the DISSETtation ........c...eiiiiiiiiiiiiieie ettt st Xviii
Chapter 1. INtrOAUCTION .....oouiieiiiiieiieeie ettt et e et e et e e bt essaeenbeeseeenseenseesnneenne 1
1.1 Constraint-Based Modeling and Its ROOS ..........cccuiviiiiiiiiiiiiiiccee e 1
1.2 The Development of Gene Expression Models ..........ccoeeieriiiiiienienieenieiecieeeeeee e 2
1.3 The Big Data ReVOIULION ......cociiiiiiiiciiiecie ettt e st e e e e sane e 3
1.4 Independent Component Analysis and iModulons in the Era of Big Data............c.cccoueneee. 4
1.5 Integrating Experimental and Big Data Insights to Refine Model Predictions..................... 5
Chapter 2. Proteome allocation is linked to transcriptional regulation through a modularized
1880 100101 10) 4 4 LTSRS 7
2.1 BACKZIOUNG ......iiiiieiiieiie ettt ettt ettt e e et eese e e b e e bt e sabeensaeseesnseenseas 7
2.2 RESUILS ..ttt ettt ettt e a et et e bt e e ab e e bt e eht e e bt e beeeabeenbeeeneeenbeens 10
2.2.1 Independent component analysis modularized the proteome............ccceevveeeeneeniennnene 10
2.2.2 iModulons are annotated to biologically meaningful functions...........c.ccccoveevevveennnenn. 14
2.2.3. iModulons in the proteome mirror those in the transcriptome............coceveevveeeennene 16
2.2.4 Matched iModulons reflect established regulatory mechanisms .............ccccceeevveennnenn. 19
2.2.5 tiModulon activities allow prediction of proteome allocation ...........ccecveeverueeiennnnne 24
2.3 DIISCUSSION «..entieeiteette et et ettt et et e et e bt e et b e e bt e abeeeabeebeesateeabeesseesmbeebeesabeenbeennteenbeeseenaseans 28
2.4 MEEROAS ..ottt et b ettt et nae s 31
2.4.1 Proteomic Sample Preparation .........ccceeccueeeeveeeieeeeriieeesreeeeeeesseeesseesssreesseeesseesssseenns 31
242 LC-MS/MS ..ttt et et sttt ettt ettt 32



2.4.3 Proteome abundance STIMATIONS ...ceeeuerenneeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeaaeeeeeeeeeeenenaaaeeaeeeees 33

2.4.4 Compiling ProteomICA and data imputation..............cceereeeviienieeieeniienie e 34
2.4.5 Independent cOMPONENt ANALYSIS....ccuviererieeririeeiiieeieeeeieeerteeeetreeereeesreeesaeeeeeeeeesees 34
2.4.6 Computing independent components and their enrichments ............ccccoeeeiereencnnene 35
2.4.7 Comparing iModulons between PRECISE and ProteomICA ............ccceovvieevinennenn. 35
2.4.8 Regression and cross-validation for proteome allocation .............cocevevviereenenienennn. 36
2.4.9 Calculating proteome allocated to groups of tiModulons ...........cccceeeeveercieeniieeeenens 36
2.4.10 Statistics and reproduCIDIIILY .........cooiieiiiriieiieieeie e 36
2.4.11 Data and code availability ..........cccccveeriiieiiiiciie e 37
2.5 ACKNOWICAZEMENTS .......vieiieiiieiieiie ettt ettt et ettt et et e e be e seesabeenbeensaeenseens 37

Chapter 3. Respiratory plasticity and the aerobicity stimulon in E. coli revealed by laboratory
evolution and multi-scale computational systems biology of electron transport system variants. 39

3.1 BACKGIOUNG ...ttt ettt et e e e e e e e e eaaeenanee s 39
3.2 ReSults and DiISCUSSION.....c..eeiirtiiieriieieeiesieeteeite ettt ettt et sttt st nbe e e nbeenees 40
3.3 MEROMAS ...t ettt ettt et e 52
3.3.1 Examining PRECISE 2.0 for expression levels of respiratory enzymes..................... 52
3.3.2 Strain generation and adaptive laboratory evolution............ccceevveerciieinieeecieeeieeenee, 52
3.3.3 Prediction of the effect of amino acid Substitutions.............cceecueevienieeiieenienieeieeee. 53
3.3.4 DNA sequencing and RNA SEqQUENCING .........cceeeruvieriuieeriiieeiieeeieeeereeereeeaeeeeaee e 54
3.3.5 Phenotype charaCterization...........c.cccveeieeiierieeieeiiecie et esee ettt e e eeae b e e 54
3.3.6 Metabolic flux mapping and estimation of H'/ATP value for ATP synthase............. 55
3.3.7 ATS proteome allocation calculation.............cceeceeriiieiiieiieniieeiieie e 55
3.3.8 ATS transcriptome ICA decOmMPOSTION .......cccveeeeuiieriieeiiieeiieeeiee e eeeeevee e 57
3.3.9 Data and code availability .........ccccceeiiieiiiiiiiiiieiee s 57
3.4 ACKNOWISAZMENLS......cccuiiiiiiieciieecee et ettt aae e s tee e st e e e aseesnaeesnseeenseas 58
3.5 BACKEIOUNG ...ttt ettt at e b et e et e enb e e naeenbeenbeenens 58
3.6 Results and DISCUSSION. .....cciuiiiuiiiiieiiieieeite ettt ettt et ettt e e e e saeeebee e 62
3.6.1 ETS variants exhibit growth optimization and recover on multiple substrates........... 62
3.6.2 Aero-Type System describes convergence in ETS variants’ diverse growth
OPLIMIZATION . ....eeitieetieeiie ettt ettt et e et e bt e s te e bt e s taeenbeebeaesaeenseesseeesseeseesnseenseenssesnseenseennnas 64
3.6.3 Transcriptomic adjustments consistency revealing an aerobicity stimulon................ 68
3.6.4 Genetic changes enabling growth optimization ............cccceeeieeriienieeiieeniesie e 72
3.7 MEROMAS ...t ettt ettt sttt et et 75
3.7.1 Strain generation and adaptive laboratory evolution.............ccccceevvevciienienieeiieieeee. 75
3.7.2 DNA sequencing and RNA SEqQUENCING ........ccceeeruvieeiiieeriieeiiee e eereeeereeereeesvee e 75
3.7.3 Phenotype charaCterizZation...........c.cceuveeieeiierieeieeiiecie et esiee et eeaeensee e 75

Vi



3.7.4 Omics-constrained metabolism and macromolecular expression modeling................ 76

3.7.5 iModulon correlation analySis.........ccceevuieriierieeiiieiierie ettt 76
3.7.6 iModulon constrained ME modeling and analysiS...........cccoeevveeriiienciieinieeeieeevee e 77
3.7.7 Data and code availability .........ccccieriieiiiiiiieiiieiiee e e 77
3.8 ACKNOWIEAZMENLS......ccciiiiiiiieiieeee et re e et e e st e e e e e saaeesnneeenneas 78

Chapter 4. Integration of multi-omic knowledge-enriched data and computational tools across
AIVETSE CASE STUAIES ...ttt ettt ettt et ettt b et beennes 79

4.1.1 The hallmarks of a trade-off in transcriptomes that balances stress and growth functions

.......................................................................................................................................... 80
A.1.2 MEENOMS ...ttt et sttt b et sttt be s 83
4.1.3 ACKNOWIEAZIMENLS .....ccuviiieiiiiiiie ettt ettt e et eeeae e saeeesabeeesaeeesaeeensaeensseeennns 83
4.2.1 Laboratory evolution, transcriptomics, and modeling reveal mechanisms of paraquat
BOLETATICE ...ttt et ettt et e b e et e bt e s bb e et e e bt e eabeebeesaeeenne 84
4.2.2 MEENOMS ...ttt ettt sttt et sh et sttt ehe s 86
4.2.3 ACKNOWIEAZIMENES .....ccuvviiiiiiieiie ettt ettt e et e e eae e saeeesabeeesaeeesaeeensaeesnseeennns 87
4.3.1 Trade-off between resistance and persistence in high cell-density cultures .................... 88
A.3.2 MEEROMAS ...ttt ettt et ettt e s at e e b e reesareens 90
4.3.3 ACKNOWIEAZEMENLS .....ccuiiiiiiiiiiieeieetie ettt ettt ettt e et e e teesabeenbeessaesnseens 91
4.4.1 Extracellular respiration is a latent energy metabolism in E. coli.........cccceeevvvvrviennnnnne. 92
442 MEENOMS ...ttt ettt et ettt a et sh et ettt eae s 93
4.4.3 ACKNOWIEAZIMENES .....ccvviieiiiiieiiie ettt ettt et e e eaeesaeeesabeeessaeeensseeensaeessseeennns 95
4.5.1 Escherichia coli chooses substrates using a multi-layered hierarchical regulatory
TIEEWOTK ..ttt et ettt et e b e s et e e b e e bt e et e e bt e eabe e bt e sabeenbeenbeesaneans 96
4.5.2 MEENOMS ...ttt ettt et a et sh et sttt ebe s 97
4.5.3 ACKNOWIEAZIMENES .....ccuiiiiiiiiiiie ettt ettt ettt e e eaeesaee e sabeeesaeeesaeeensaeessseeennns 98
4.6.1 Restoration of fitness lost due to dysregulation of the pyruvate dehydrogenase complex
is triggered by ribosomal binding site modifications ............cceeeeieeriiieniieeriie e 99
4.6.2 MELNOMS ......veeeeeieeieeitet ettt sttt ettt et b et b e st nae et 101
4.6.3 ACKNOWIEAZIMENLES .....cc.uiiiiiiiiiiie ettt ettt e e sae e e e e e e e e saree e sbeessaeesnseeenaseeens 102

vii



Chapter 5. COBRAme.org: A web application for solving and constraining metabolism and

EXPIESSION MOUECLS ...ttt ettt ettt e et e et e st e e be e st e sabeenseessaeenbeenseesnseenseenseas 104
T B 57 163 € (0101 4 1« SRS 105
5.2 IMPIEMENTATION ...tiiiiiiiieiieiieeie ettt ettt ettt et e e bt esate et e eteessaeenbeessaesnseenseensnesnsaens 106
5.3 Results and DiISSCUSSION ....ccuuieiuiiiiiiiieeiie ettt ettt ettt ettt e et esateebeesbeesateens 109

5.3.1 General ME modeling WOrkfloW.............oocuieriiiiiiiiiieiecieciee e 109
5.3.2 StressME modeling envIronment .............cccveeeeveeeriieeriuieenieeeeeeesieeesneeeseeeesneeesnveens 112
5.3.3 DynamicME modeling environment ..............c.eeeverieeiieenienieenieeneeeieesieesneeveesaeeens 113
5.3.4 Omics-constrained proteome tradeofts .........cccovveviiiiiiiiiniiieieee e 115
5.4 CONCIUSIONS ...ttt ettt ettt b et eb ettt e bt et sb e et eaeenbeenee e 117
5.5 ACKNOWIEA@EMENLS .......vviieiiiieiiieeiieeeee ettt et e e etb e e et eeesbeeesnseeennaeeennes 118

Chapter 6. CONCIUSIONS .....ccuvieiiiiieeiieeiteeee ettt ettt et e st e et e e bt e saaesabeesseeenbeeseesseeenseenseas 119

RETEIOIICES ...ttt et e b e ettt e st e et e bt e sateebeeeeee 124

Appendix A. Proteome allocation is linked to transcriptional regulation through a modularized

1601 R0 0§01 10) 1 4 LTS USRS 142

Appendix B. Laboratory evolution of synthetic electron transport system variants reveals a larger

metabolic respiratory system and itS PlastiCity .......ccveeevieeeriieeiieeeie e 150

Appendix C. Aerobicity stimulon in Escherichia coli revealed using multi-scale computational

systems biology of adapted respiratory VariantS...........ccueeveveeeeeieeenieeeiieesieeesreeereeeeneeeevee e 158

Appendix D. COBRAme.org: A web application for solving and constraining metabolism and

o0 T (0] 1 18 8 T 16 L] LSS 167

viii



List of Figures

Figure 2.1: Independent component analysis (ICA) extracts individual signals and their strengths

from measured mixed SigNal data. ..........ccceiiiiiiiiiiiiiieee e 9
Figure 2.2: ICA of a compendium of proteomic samples (ProteomICA). ........ccccvvvvvveeeieennnenn. 12
Figure 2.3: Proteomic iModulons (piModulons) exhibit similar gene lists and activity levels as
transcriptomic iModulons (IMOAUIONS). .....ccueieriiiiriieeieeciee et s 17
Figure 2.4: Comparing piModulon and tiModulon activities for matched samples reveal
condition-specific regulatory MeChaniSIMS. .......cc.coccviiiiiiieiiieiie e 21
Figure 2.5: Predictability of proteome allocation using tiModulon activities. .......c..ccccceeuereenene 26
Figure 3.1: Generation and evolution of unbranched ETS variants. .........ccccccoeeveviencieenieeenneen. 42
Figure 3.2: Metabolic rewiring supporting growth rate optimization in the ETS variants.......... 46
Figure 3.3: Systems-level examination of ETS variants...........cccceccvveviiiiniieeniiecieccee e, 49
Figure 3.4: Impact of carbon source on ETS variants. ..........ccccceeeveeviienieeiiienienieeiiesee e 61
Figure 3.5: Rate yield planes of ETS variants on each carbon source showcase their different
ACTODIC POLENTIALS. ...eiiiiiiiiiiieii ettt et ettt e et e st e et e et e ssaeeabeesaeessbeenseessaesnseenseens 64
Figure 3.6: Omics-constrained ME models of ETS variants reveal key characteristics of how
strains readjust their DIOENEIZELICS. .. ..couiiiiiiieiiieiieeie ettt ettt eaeeas 66
Figure 3.7: Interoperating multi-omics data and computational biology tools for discovery and
VALLAATION. 1.ttt ettt et b e et s b et e e bt et h et s aaenbe et 69
Figure 3.8: Knowledge-enriched transcriptomic data analytics and computational modeling of
metabolic fluxes and proteome allocation elucidate an aerobicity stimulon. ..........ccccecevienennnens 71
Figure 3.9: Mutations acquired during growth optimization of the ETS variants on succinate and
BLYCETOL. ittt ettt e et e et e e e ab e et e e s bt e eabe et eeeateenbeeeneeenbeenbeeeaneeanean 73
Figure 4.1: ME-model simulation of the fear-greed trade-off. .............ccccoeevveeriiiiniieiiiee 82
Figure 4.2: Proteome reallocation under 0Xidative Stress.........cueeuierierieeniierienieeieeeee e 86
Figure 4.3: Proteome reallocation and damage in high-density cultures. ..........c.ccccceevcveerennennee. 90
Figure 4.4: Proteome allocation and energetic relief during extracellular respiration. ............... 93
Figure 4.5: Proteome allocation across the nutrient-response hierarchy. ..........c.cccccceevvverennennne. 97
Figure 5.1: System architecture of the COBRAmMe Web Application. ........ccccceeevereenieevenneene. 107
Figure 5.2: Interactive modeling workflow for the COBRAme module............cccvvveurrennnnnnee. 111

Figure 5.3: StressME module for modeling proteome allocation under environmental stress.. 113
Figure 5.4: DynamicME module for time-course simulation of metabolism and expression... 115

Figure 5.5: Reproducing proteome trade-offs using omics-constrained ME modeling. ........... 117

iX



Supplemental Figure A.1: PRECISE1k replicate correlations.........c.cceeeveeeeieeniieeeeieeeneeeene, 142
Supplemental Figure A.2: PRECISE1k explained variance. ...........cccccevvevevienienieenieenie e, 142

Supplemental Figure A.3: Comparing piModulon and tiModulon activities for all matched

Supplemental Figure A.4: Scatter plots and regressions for all tiModulons with strong
COTTRLALIONS. ...ttt ettt e h et e et b et s et e bt e st e s bt et e e bt e beeaeenbeentesseenneas 144

Supplemental Figure A.5: Leave-one-out cross-validation with additional holdouts for

tiModulons W/ Strong Correlations...........ccueeruierieeiiierieeie ettt et eteebeeseaeebeesaee e 145
Supplemental Figure A.6: Leave-one-out cross-validation with additional holdouts for
tiModulons W/ Weak Correlations. .........cc.eveirieriirieriinieieneesese ettt 147
Supplemental Figure A.7: Proteome allocation of the translation tiModulon. ........................ 148
Supplemental Figure B.1: Expression levels of respiratory dehydrogenase and reductases of E.
(070 VO OO OO PRU SRR 154
Supplemental Figure B.2: ATS iModulon correlations. ...........cccecveviiniiienienieeiierieeeeieene 155
Supplemental Figure B.3: Scheme of Aero-type system (ATS). ..c.cooovvveevieeviiienieeiee e 156
Supplemental Figure B.4: ATS iModulon ACHVItIES. ......ccceecueriieriieriieieeiieeie e 157
Supplemental Figure C.1: ATS proteome allocation across experimental conditions. ........... 158
Supplemental Figure C.2: PRECISE-1K activities correlation matriX. .........cccoeeeerveeereennnnnne. 159
Supplemental Figure C.3: All iModulon pairs in the aerobicity stimulon.............cccceeevuvennneee. 160



List of Tables

Table 3.1: Reactions that consume or produce ATP and corresponding stoichiometric

coefficient. ......ccoeveeeveenn.

Supplemental Table A.1:
Supplemental Table B.1:
Supplemental Table B.2:
Supplemental Table B.3:
Supplemental Table B.4:
Supplemental Table C.1:
Supplemental Table C.2:
Supplemental Table C.3:
Supplemental Table C.4:
Supplemental Table C.5:
Supplemental Table C.6:
Supplemental Table C.7:
Supplemental Table D.1:

............................................................................................................ 56
Matched tiModulons and piModulons .............ccceeceerieeiienienneenen. 149
Sample code used during running the ALE machine. ..................... 150
Key genetic changes in evolved ETS variants..........cccccoceeveriennenne. 151
Phenotypic characterization of the strains of the study. .................. 152
Description of the ATS iModulons. .........ccccoevvieriiiiienieniecieee 153
Sample code of unevolved strains used in this study. ..................... 161
Sample code of succinate evolved strains used in this study. ......... 161
Sample code of glycerol evolved strains used in this study............ 162
Key genetic changes in the succinate evolved ETS variants............ 163
Key genetic changes in the glycerol evolved ETS variants. ........... 164
Phenotypic characterization of succinate evolved ETS variants..... 165
Phenotypic characterization of glycerol evolved ETS variants....... 166
Ketr Modifications for DynamicME Replication........c..ccccvcvevuenee 167

xi



Acknowledgements

I would first like to thank my advisor, Professor Bernhard Palsson, for his guidance,
creativity, and vision throughout this work. Every meeting with him was a reminder of how
deeply he thinks about biology and systems, his questions always pushed me toward clarity and
insight, shaping how I approach research and scientific reasoning.

I am deeply grateful to Dr. Daniel Zielinski, whose mentorship was instrumental in my
development as a scientist. His depth of knowledge, patience, and encouragement made him one
of the best mentors I could have asked for.

I also want to thank Dr. Amitesh Anand and Dr. Ke Chen, who introduced me to ME
modeling and the integration of multi-omics data early in my Ph.D. Their projects and generosity
with their time accelerated my learning and helped define the direction of my work.

I am grateful to all the members of the Systems Biology Research Group and colleagues
at the Center for Biosustainability at DTU Biosustain in Denmark. Their discussions, feedback,
and collaboration made this an intellectually rich and supportive environment.

To my family, thank you for instilling in me the values of hard work, curiosity, and
perseverance. To my wife, thank you for being my foundation through every high and low, your
unwavering support and patience made this possible. And to my cat, thank you for the constant
entertainment and quiet company during long days of writing and coding.

Finally, I gratefully acknowledge the support of the Novo Nordisk Foundation and the
National Institutes of Health, whose funding made this work possible.

Chapter 2, in part, is a reprint of the material as it appears in Nature Communications.

- Patel, Arjun; McGrosso, Dominic; Hefner, Ying; Campeau, Anaamika; Sastry, Anand V;

Maurya, Svetlana; Rychel, Kevin; Gonzalez, David J; Palsson, Bernhard O (2024). Proteome

xii



allocation is linked to transcriptional regulation through a modularized transcriptome. Nature
Communications, 15(1), 5234. The dissertation author was the primary author.

Chapter 3, in part, is a reprint of material as it appears in Nature Communications, and
in part, is a reprint of material submitted to iScience.
- Anand, Amitesh; Patel, Arjun; Chen, Ke; Olson, Connor A; Phaneuf, Patrick V; Lamoureux,
Cameron; Hefner, Ying; Szubin, Richard; Feist, Adam M; Palsson, Bernhard O (2022).
Laboratory evolution of synthetic electron transport system variants reveals a larger metabolic
respiratory system and its plasticity. Nature Communications, 13(1), 3682. The dissertation
author was the second author of this paper.
- Patel, Arjun; Banwani, Neha; Mink, Raegan; Prabhakaran, Divya M; Khairnar, Snehal V;
Feist, Adam M; Palsson, Bernhard O; Anand, Amitesh (2025). Aerobicity stimulon in
Escherichia coli revealed using multi-scale computational systems biology of adapted
respiratory variants. bioRxiv, 2025.03.13.642450. The dissertation author was the primary
author of this paper.

Chapter 4, in part, is a reprint of material as it appears in mSystems, Cell Reports,
mSystems, Cell, and Cell Reports.
- Dalldorf, Christopher; Rychel, Kevin; Szubin, Richard; Hefner, Ying; Patel, Arjun; Zielinski,
Daniel C; Palsson, Bernhard O (2024). The hallmarks of a tradeoff in transcriptomes that
balances stress and growth functions. mSystems, 9(7), €00305-24. The dissertation author was
the fifth author of this material.
- Rychel, Kevin; Tan, Justin; Patel, Arjun; Lamoureux, Cameron; Hefner, Ying; Szubin,
Richard; Johnsen, Josefin; Mohamed, Elsayed Tharwat Tolba; Phaneuf, Patrick V; Anand,

Amitesh; Olson, Connor A; Park, Joon Ho; Sastry, Anand V; Yang, Laurence; Feist, Adam M;

xiii



Palsson, Bernhard O (2023). Laboratory evolution, transcriptomics, and modeling reveal
mechanisms of paraquat tolerance. Cell Reports, 42(9). The dissertation author was the third
author of this material.

- Beulig, Felix; Bafna-Riihrer, Jonas; Jensen, Peter E; Kim, SH; Patel, Arjun; Kandasamy,
Vijayalakshmi; Steffen, CS; Decker, Katherine; Zielinski, DC; Yang, Laurence; Ozdemir, Emre;
Sudarsan, Suresh; Palsson, Bernhard O (2025). Trade-off between resistance and persistence in
high cell density Escherichia coli cultures. mSystems, 10(7), €0032325. The dissertation author
was the fifth author of this material.

- Kundu, Biki Bapi; Krishnan, Jayanth; Szubin, Richard; Patel, Arjun; Palsson, Bernhard O;
Zielinski, Daniel C; Ajo-Franklin, Caroline M (2025). Extracellular respiration is a latent
energy metabolism in Escherichia coli. Cell, 188(11),2907-2924.e23. The dissertation author
was the fourth author of this material.

- Shin, Jongoh; Patel, Arjun; Lou Xuwen A; Catoiu, Edward; Krishnan, Jayanth; Hefner, Ying;
Szubin, Richard; Sung, Jaemin; Francis Son, Hyeoncheol, Zielinski, Daniel C; Palsson, Bernhard
O (2025). Escherichia coli chooses substrates using a multi-layered hierarchical regulatory
network. The dissertation author was the second author.

- Anand, Amitesh; Olson, Connor A; Sastry, Anand V; Patel, Arjun; Szubin, Richard; Yang,
Laurence; Feist, Adam M; Palsson, Bernhard O (2021). Restoration of fitness lost due to
dysregulation of the pyruvate dehydrogenase complex is triggered by ribosomal binding site
modifications. Cell Reports, 35(1), 108961. The dissertation author was the fourth author of this
material.

Chapter S in part, is currently being prepared for submission for publication.

X1V



- Patel, Arjun; Catoiu, Edward A; Palsson, Bernhard O (2025). COBRAme.org: A web
application for solving and constraining metabolism and expression models. The dissertation

author was the primary author.

XV



Vita

2019 Bachelor of Science in Biomedical Engineering, Georgia Institute of Technology

2025 Doctor of Philosophy in Bioengineering, University of California San Diego

Publications

Rychel, Kevin; Chen, Ke; Catoiu, Edward A; Olson, Connor A; Sandberg, Troy E; Gao, Ye; Xu,
Sibei; Hefner, Ying; Szubin, Richard; Patel, Arjun; Feist, Adam M; Palsson, Bernhard O

(2024). Laboratory evolution reveals transcriptional mechanisms underlying thermal adaptation
of Escherichia coli. Genome Biol Evol, 2025 Sep 30;17(10):evafl71.

Kundu, Biki Bapi; Krishnan, Jayanth; Szubin, Richard; Patel, Arjun; Palsson, Bernhard O;
Zielinski, Daniel C; Ajo-Franklin, Caroline M (2025). Extracellular respiration is a latent
energy metabolism in Escherichia coli. Cell, 188(11), 2907-2924.e23.

Catoiu, Edward A; Krishnan, Jayanth; Li, Gaoyuan; Lou, Xuwen A; Rychel, Kevin; Yuan, Yuan;
Bajpe, Heera; Patel, Arjun; Choe, Donghui; Shin, Jongoh; Burrows, Joshua; Phaneuf, Patrick V;
Zielinski, Daniel C; Palsson, Bernhard O (2025). iModulonDB 2.0: dynamic tools to facilitate
knowledge-mining and user-enabled analyses of curated transcriptomic datasets. Nucleic Acids
Research, 53(D1), D99-D106.

Patel, Arjun; Banwani, Neha; Mink, Raegan; Prabhakaran, Divya M; Khairnar, Snehal V; Feist,
Adam M; Palsson, Bernhard O; Anand, Amitesh (2025). Aerobicity stimulon in Escherichia coli
revealed using multi-scale computational systems biology of adapted respiratory variants.
bioRxiv, 2025.03.13.642450.

Beulig, Felix; Bafna-Riihrer, Jonas; Jensen, Peter E; Kim, SH; Patel, Arjun; Kandasamy,
Vijayalakshmi; Steffen, CS; Decker, Katherine; Zielinski, DC; Yang, Laurence; Ozdemir, Emre;
Sudarsan, Suresh; Palsson, Bernhard O (2025). Trade-off between resistance and persistence in
high cell density Escherichia coli cultures. mSystems, 10(7), e0032325.

Patel, Arjun; McGrosso, Dominic; Hefner, Ying; Campeau, Anaamika; Sastry, Anand V;
Maurya, Svetlana; Rychel, Kevin; Gonzalez, David J; Palsson, Bernhard O (2024). Proteome
allocation is linked to transcriptional regulation through a modularized transcriptome. Nature
Communications, 15(1), 5234.

Dalldorf, Christopher; Rychel, Kevin; Szubin, Richard; Hefner, Ying; Patel, Arjun; Zielinski,

Daniel C; Palsson, Bernhard O (2024). The hallmarks of a tradeoff in transcriptomes that
balances stress and growth functions. mSystems, 9(7), ¢00305-24.

XVi



Rychel, Kevin; Tan, Justin; Patel, Arjun; Lamoureux, Cameron; Hefner, Ying; Szubin, Richard,
Johnsen, Josefin; Mohamed, Elsayed Tharwat Tolba; Phaneuf, Patrick V; Anand, Amitesh;
Olson, Connor A; Park, Joon Ho; Sastry, Anand V; Yang, Laurence; Feist, Adam M; Palsson,
Bernhard O (2023). Laboratory evolution, transcriptomics, and modeling reveal mechanisms of
paraquat tolerance. Cell Reports, 42(9):113105.

Goel, Nikita; Srivastav, Stuti; Patel, Arjun; Shirsath, Akshay; Panda, Tushar Ranjan; Patra,
Malay; Feist, Adam M; Anand, Amitesh (2023). TCA cycle tailoring facilitates optimal growth
of proton-pumping NADH dehydrogenase-dependent Escherichia coli. Microbiology Spectrum,
11(6), €02225-23.

Anand, Amitesh; Patel, Arjun; Chen, Ke; Olson, Connor A; Phaneuf, Patrick V; Lamoureux,
Cameron; Hefner, Ying; Szubin, Richard; Feist, Adam M; Palsson, Bernhard O (2022).
Laboratory evolution of synthetic electron transport system variants reveals a larger metabolic
respiratory system and its plasticity. Nature Communications, 13(1), 3682.

Anand, Amitesh; Olson, Connor A; Sastry, Anand V; Patel, Arjun; Szubin, Richard; Yang,
Laurence; Feist, Adam M; Palsson, Bernhard O (2021). Restoration of fitness lost due to

dysregulation of the pyruvate dehydrogenase complex is triggered by ribosomal binding site
modifications. Cell Reports, 35(1), 108961.

Zielinski, Daniel Craig; Patel, Arjun; Palsson, Bernhard O (2020). The expanding
computational toolbox for engineering microbial phenotypes at the genome scale.

Microorganisms, 8(12), 2050.

Imbach, Kathleen; Patel, Arjun; Levine, Aaron D (2018). Ethical considerations in the
translation of CAR-T cell therapies. Immuno-oncology Insights.

Xvil



Abstract of the Dissertation

Integrating Multi-Omics Knowledge with Metabolic Modeling: Enabling Interoperability
Across Computational Biology Tools

by

Arjun Patel

Doctor of Philosophy in Bioengineering
University of California San Diego, 2025

Professor Bernhard @ Palsson, Chair

Cells continually rebalance limited transcriptional and proteomic resources to survive and
grow across environments, but the analytical (omics-scale) and mechanistic (model-based) tools
that explain this balance often operate in isolation. This dissertation bridges that divide by
integrating knowledge-enriched multi-omics data analytics with proteome-constrained genome-
scale modeling to enable interoperable discovery and prediction. First, we show that the bacterial

proteome is modularized in a manner that mirrors transcriptomic modules: matched proteome
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and transcriptome module components share gene content and condition-dependent activities,
revealing how transcriptional and post-translational regulation shape proteome composition.
Crucially, these modules enable inference of absolute proteome allocation directly from
transcriptomic signals, quantifying resource trade-offs without requiring proteomics in every
condition. Second, we integrate experimental data with Metabolism and Expression (ME)
models to dissect respiratory plasticity in engineered and evolved electron transport system
variants, identifying an “aerobicity stimulon” that captures coordinated shifts in energy
metabolism and proteome allocation across aerobic states. Third, we apply this interoperable
workflow across diverse case studies, oxidative stress, high-cell-density physiology, extracellular
respiration, and hierarchical substrate choice, to quantify condition-specific proteome
reallocations and connect mutations, regulation, and phenotype. Finally, we encapsulate these
methods in COBRAme.org, the first fully web-based platform for proteome-constrained ME
modeling, which separates a lightweight user interface from scalable cloud workers to eliminate
software barriers and standardize reproducible analyses. Collectively, the results demonstrate
that experimental data and proteome sector derived constraints measurably improve mechanistic
predictions, advancing a practical path from big-data signal discovery to explanatory, predictive
models. This work provides both conceptual and software infrastructure for interoperable,

knowledge-enriched modeling that connects sequencing-scale measurements to genome-scale

physiology.
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Chapter 1. Introduction

Understanding how biological systems allocate proteomic and energetic resources across
environments is a central challenge in systems biology. Recent advances in multi-omics
technologies have provided unprecedented visibility into the transcriptional and translational states
of cells, yet analytical and modeling frameworks often remain siloed. The goal of this dissertation,
to enable the interoperability of multi-omics knowledge-enriched data analytics and tools, arises
from the need to connect data-driven biological insight with mechanistic, constraint-based
modeling frameworks that can explain and predict cellular behavior.

This introduction is divided into five sections. Sections 1 and 2 describe the conceptual
foundations of constraint-based modeling and its expansion to include gene expression. Sections 3
and 4 outline how the big data revolution and data-driven decomposition methods, particularly
Independent Component Analysis (ICA) and iModulons, transformed the ability to extract structure
from transcriptomics and proteomics. Section 5 then connects these analytical developments to the
mechanistic modeling framework, demonstrating how integrating omics data into genome-scale

models can refine biological predictions and enable new discoveries.

1.1 Constraint-Based Modeling and Its Roots

Constraint-based modeling (CBM) emerged from the realization that even in the absence of
detailed kinetic parameters, the feasible behaviors of a metabolic network are strongly constrained
by stoichiometry, thermodynamics, and mass balance. In the late 1990s and early 2000s, this led to
the formulation of Flux Balance Analysis (FBA), where cellular metabolism is represented as a

system of linear equations defining the steady-state mass balance for every metabolite, and feasible



flux distributions are obtained by solving a linear optimization problem that maximizes an
objective function such as growth rate (1).

This simple yet powerful approach made it possible to simulate genome-scale metabolism
by leveraging annotated reaction networks rather than empirical rate laws. The first generation of
genome-scale metabolic reconstructions, such as i/R904 and iAF'1260 for E. coli, demonstrated that
purely stoichiometric models could accurately predict growth yields, essential genes, and substrate
utilization patterns across diverse environments (2—4).

A key conceptual strength of CBM is its mechanistic transparency: every predicted
phenotype results from a system of mass-balanced reactions subject to physicochemical and
environmental constraints. This structure allows researchers to reason about resource allocation,
trade-offs, and environmental adaptation quantitatively rather than qualitatively. However, classic
FBA treated enzymes as implicitly available catalysts with infinite capacity, ignoring the energetic
and proteomic costs of gene expression. This omission motivated the next generation of models

that would explicitly couple metabolism to macromolecular expression.

1.2 The Development of Gene Expression Models

As systems biology matured, it became clear that the cell’s proteome budget, the fraction of
total protein mass allocated to different processes, plays a decisive role in shaping metabolic states.
Traditional metabolic models could describe the distribution of fluxes but not the cost of sustaining
those fluxes through enzyme synthesis.

To address this limitation, the Metabolism and Expression (ME) modeling framework was
developed (5,6). ME models extend FBA by explicitly representing transcription, translation, and

complex formation for every catalytic gene product. Each metabolic reaction is linked to the



biosynthetic machinery required to produce its enzyme, introducing coupling constraints that
ensure the rate of enzyme synthesis matches the catalytic demand imposed by the metabolic fluxes.

This coupling bridges molecular biology and systems physiology: RNA polymerase and
ribosome usage now compete with metabolic enzymes for finite cellular resources, allowing ME
models to predict how growth rate, gene expression, and proteome allocation co-vary across
conditions. Such explicit accounting transformed genome-scale modeling from a flux-only
description into a proteome-constrained model that can explain trade-offs between growth and
stress readiness, specialization and generalism, and metabolic efficiency versus robustness.

These mechanistic links paved the way for quantitative integration of omics measurements,
especially transcriptomics and proteomics, into constraint-based frameworks. Yet, before such
integration could be fully realized, the life sciences underwent a data revolution that changed how

biological systems are analyzed.

1.3 The Big Data Revolution

The sequencing and omics revolutions transformed biology from a hypothesis-driven field
into a data-saturated discipline. Advances in next-generation sequencing, high-throughput mass
spectrometry, and automated culturing produced terabytes of transcriptomic and proteomic data
across thousands of conditions (7). At the same time, the rise of FAIR data principles (Findable,
Accessible, Interoperable, and Reusable) led to the creation of open databases such as NCBI SRA,
EcoCyc, RegulonDB, UniProt, and iModulonDB, enabling unprecedented data reuse and
comparative analyses (8—12).

This explosion of public datasets demanded new analytical frameworks capable of
extracting biologically meaningful structure from thousands of gene expression profiles.

Traditional differential expression analyses, designed for pairwise comparisons, were ill suited for
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such high-dimensional data. What emerged instead were unsupervised learning methods that could
decompose transcriptomic variation into independent signals, each corresponding to regulatory or
functional modules.

In parallel, omics-driven insights began influencing the design of constraint-based models.
The availability of thousands of growth condition specific datasets made it possible to contextualize
model predictions and test hypotheses about condition dependent regulation, proteome investment,
and trade-offs between growth and survival. However, making these datasets interoperable with
mechanistic models required new ways of summarizing them, bridging the gap between descriptive

data analytics and predictive modeling.

1.4 Independent Component Analysis and iModulons in the Era of Big Data

Independent Component Analysis (ICA) provided one of the first scalable methods for
uncovering latent regulatory structure within large transcriptomic compendia. By decomposing the
expression matrix into statistically independent components, ICA identifies groups of co-regulated
genes, called iModulons, whose activities vary independently across conditions (13).

Each iModulon often corresponds to the activity of a known transcription factor, sigma
factor, or global stress response, making them knowledge-enriched analytical units. iModulons
therefore bridge data-driven and curated biological understanding: they are derived from statistical
decomposition yet interpretable through existing regulatory annotations.

This modular view of transcription dramatically simplifies the analysis of big data
compendia. Instead of examining thousands of individual genes, researchers can interpret a smaller
set of iModulon activities that capture most of the biologically relevant variance (14). These
activities reveal patterns of regulation, such as trade-offs between translation and stress response,

that are conserved across environments and even species.



From a modeling standpoint, iModulons represent quantitative summaries that can serve as
direct constraints or priors for mechanistic frameworks. For example, a highly active RpoS
iModulon could indicate an upregulated stress proteome fraction, which can be translated into
limits on the allocation of protein synthesis machinery in an ME model. Conversely, translation
related iModulons correspond to growth associated expression sectors that determine the proteomic
cost of high growth rates.

By distilling high-dimensional omics into interpretable, biologically grounded features, ICA
and iModulons make it possible to integrate data analytics with mechanistic modeling, a central

theme of this dissertation.

1.5 Integrating Experimental and Big Data Insights to Refine Model Predictions

The convergence of omics analytics and mechanistic modeling allows the field to move
beyond describing correlations to explaining their mechanistic origins. Two key studies, O’Brien et
al. 2016 and Yang et al. 2016, demonstrated how integrating proteomic data into ME models can
quantitatively improve predictions of growth rate, metabolic fluxes, and proteome composition
(15,16).

O’Brien et al. quantified the cost of unused protein expression, showing that roughly half of
the E. coli proteome mass is unutilized in certain environments, and that this unused fraction
imposes measurable fitness costs (15). They formalized how constraining the model by
environment specific protein utilization dramatically improved correspondence between predicted
and measured growth rates, explaining over 95% of the observed variation.

Yang et al. extended this framework by defining proteome sector constraints that coarse-
grain the proteome into functional categories (e.g., translation, transport, energy metabolism) (16).

By calibrating ME models with these empirically derived sector allocations, they produced a



“generalist” model that balanced optimal growth with preparedness for stress. Across fifteen
growth conditions, the sector-constrained model achieved 69% lower error in growth-rate
predictions and 14% lower error in flux predictions relative to the unconstrained model.

Together, these studies established that omics derived constraints provide a formal bridge
between experimental data and mechanistic computation. They validated that proteome allocation
is not merely an outcome of optimization but an evolved compromise between efficiency and
flexibility. Importantly, they also revealed how quantitative omics integration can reduce parameter

uncertainty (e.g., k.rrvalues) and guide model refinement.

The same principle extends naturally to transcriptomic summaries such as iModulons. By
interpreting omics components as constraints on translation or enzyme usage, models can
incorporate real world regulatory context while maintaining mechanistic rigor. This dissertation
builds on that foundation: applying iModulon and proteome-derived constraints to explore
respiratory plasticity, stress response, and mutation effects, and then encapsulating those methods

in a web platform that makes such analyses reproducible and accessible to the broader community.



Chapter 2. Proteome allocation is linked to transcriptional regulation
through a modularized transcriptome

It has proved challenging to quantitatively relate the proteome to the transcriptome on a per-
gene basis. Recent advances in data analytics have enabled a biologically meaningful
modularization of the bacterial transcriptome. We thus investigate whether matched datasets of
transcriptomes and proteomes from bacteria under diverse conditions can be modularized in the
same way to reveal novel relationships between their compositions. We find that; (1) the modules
of the proteome and the transcriptome are comprised of a similar list of gene products, (2) the
modules in the proteome often represent combinations of modules from the transcriptome, (3)
known transcriptional and post-translational regulation is reflected in differences between two sets
of modules, allowing for knowledge-mapping when interpreting module functions, and (4) through
statistical modeling, absolute proteome allocation can be inferred from the transcriptome alone.
Quantitative and knowledge-based relationships can thus be found at the genome-scale between the

proteome and transcriptome in bacteria.

2.1 Background

Omics data types and measurement methods emerged in the late 1990s and early 2000s.
Transcriptomes were measured using hybridization to DNA arrays, and proteomes were measured
using mass spectrometry. Early attempts to correlate these two omics types were unsuccessful due
to complex post-transcriptional and post-translational regulation or to various technical challenges
with the measurement technologies (17—19). Later, in the mid to late 2010s, several studies
compared the levels of transcripts and protein abundance on a per-gene basis (20—22). Such

correlations were achieved for a few transcript-protein pairs in humans and yeast (21,22) but



proved to be more scalable in Escherichia coli (20). These studies suggested that correlations
between the two omics data types are possible on a small scale.

In the late 2010s, a massive number of RNAseq datasets accumulated for bacterial
transcriptomes. This data deluge led to the application of machine learning methods to decompose
the bacterial transcriptome into regulatory signals (23). Of these methods, independent component
analysis (ICA), a source signal extraction algorithm, was found to modularize the transcriptome
into lists of independently modulated genes, termed iModulons (13). A traditional use case of ICA
is illustrated in Figure 2.1a, where recording devices in a noisy room can discern the sources of
noise and their contributions to the measured noise. In a biological context, an expression profile of
a given sample is analogous to a microphone, since it is recording combined effects from
transcriptional regulators in a noisy environment (Figure 2.1b, Figure 2.1¢). When applied to
transcriptomic data, the output of ICA was shown to most successfully match known regulons in a
comparison between 42 machine learning methods (23). Moreover, iModulons could be integrated
with known binding sites of transcriptional regulators, and compared to their associated regulons

(see iModulonDB.org) (24).
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Figure 2.1: Independent component analysis (ICA) extracts individual signals and their strengths
from measured mixed signal data.

(A) Three microphones record the sounds in a noisy room with four audio sources. ICA is able to
recover the original audio sources and their relative volume contributions to the signal captured by
each microphone. (B) The transcriptional regulatory network is analogous to the noisy room, and
expression data for genes is analogous to the microphones. In this case, ICA is able to recover the
transcriptional regulators and their activity that contributes to each gene expression. (C) Matrix
decomposition representation of the iModulon Case in panel (B). The matrix X is your measured
mixed signal data (e.g., RNAseq or proteomics). The matrix M contains gene weights for all genes.
iModulon membership is determined by thresholding the gene weights for all genes in the column.
Genes that lie outside the threshold are considered in the iModulon and regulated by the
transcription factor noted in panel (B). The matrix A contains all the iModulon activity values or
the regulator activity level noted in panel (B). A row of A can be bar plotted to show the activities
across samples, or it can be scatter plotted against another row of A to compare iModulon
activities.
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iModulons from disparate datasets were shown to be similar, indicating that they represent a
fundamental decomposition of the transcriptional regulatory network into underlying regulatory
signals (25). iModulons could be knowledge-enriched, thus yielding a fundamental understanding
of the composition of the transcriptome and how it changes between conditions (26-32). ICA has
now been applied to several organisms across the phylogenetic tree (24). This advance led to
discoveries of gene functions (33), effects of mutations on protein complex regulation (34), and
identifying energetic trade-offs across sample conditions (35). Thus, the knowledge-based
modularization of the bacterial transcriptome has led to major advances in understanding its
systems characteristics.

This knowledge-based decomposition of the transcriptome naturally leads to the question:
can we similarly modularize the proteome? In the present study, we generate and collect proteomic
profiles for E. coli, modularize this dataset using ICA, and compare the iModulons in the
transcriptome to those found in the proteome. This comparison leads to a large-scale, mechanistic

interpretation of the relationship between the two omics data types.

2.2 Results

2.2.1 Independent component analysis modularized the proteome

We performed ICA on a compendium of proteomics samples (termed ProteomICA)
consisting of 64 proteomes from a previous study (36), and 98 new samples representing conditions
matching RNAseq samples in the transcriptomic compendium Precision RNA Expression
Compendium for Independent Signal Extraction (PRECISE) (14). These samples contain
abundances of 1390 proteins. Since proteomic methods only capture the highest abundance
proteins, this is a much lower number than the 4257 genes for which RNAseq finds transcripts (37).

The 98 new proteomic samples introduced new growth conditions representing varying stressors,
10



carbon sources, and supplementations. These new conditions were chosen based on iModulon
activities in PRECISE in order to obtain informative matched omics samples that improved signal
extraction for ProteomICA (Figure 2.2a). ProteomICA has 162 high-quality reproducible

proteomes from E. coli.
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Figure 2.2: ICA of a compendium of proteomic samples (ProteomICA).

(A) The central dogma of molecular biology is the process whereby genetic information is
converted into functional proteins that catalyze metabolic reactions and carry out other cellular
functions. Genome-wide datasets can be generated for the transcriptome and proteome and
analyzed using ICA. Given a matrix of gene expression or of protein abundance, X, ICA identifies
independently modulated groups of genes or proteins called iModulons (expressed as weights
contained in a column of M). Every sample in the dataset has an activity associated with each
iModulon that becomes condition-specific (row of A). Matrix multiplication of M*A results

in X. (B) Histogram of Pearson correlations between proteomic samples (biological replicates vs.
random samples). (C) Cumulative explained variance of the independent components and principal
components from matrix decomposition of the proteomics compendium. (D) Enrichment categories
for proteomic iModulons. (E) Pie chart of the explained variances for each enrichment

category. (F), (G) Scatter plots of the coefficient of variation (CV) and mean mass fractions for
proteins in an iModulon, and NOT in an iModulon, respectively. Axes graphs show a histogram of
the distribution and the cumulative mass fraction of proteins (red). The dashed red line indicates a
CV of 1. Proteins below this threshold are considered invariant. N counts for each section are
listed. (H), (I) Histogram of the gene weights within the MetJ and LeuO/Lrp independent
components (column of M), respectively. The significance threshold (gray) identifies the most
extreme values, and thus which genes are considered enriched in an iModulon. Regulon genes
associated with the iModulon regulator are highlighted. (J), (K) proteomic iModulon activity
spectrums for MetJ and LeuO/Lrp, respectively. Differentially activated samples are highlighted
with sample condition metadata. LB: Lysogeny Broth, Temp: Temperature, Unchar:
Uncharacterized.
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ProteomICA consists of only high-quality samples with biological replicates having Pearson
correlation coefficients greater than 0.90. In contrast, biological replicates in PRECISE
have R? values greater than 0.95. This difference in reproducibility is in part due to the higher
experimental variation in replicate proteome samples as opposed to transcriptome samples (38,39).
This difference can also be seen with the higher correlation coefficients between randomly chosen
PRECISE samples than between randomly chosen ProteomICA samples (Figure 2.2b,
Supplemental Figure A.1). These characteristics, in turn, with higher technical noise during data
generation (40), result in the ProteomICA compendium having a lower overall explained variance
from the independent components and principal components than PRECISE (Figure 2.2c,
Supplemental Figure A.2).

The ICA decomposition of the ProteomICA database resulted in 41 proteomic iModulons
(piModulons). These piModulons represent the statistically independent protein expression signals
found across all 162 samples (81 unique conditions in duplicate) in the ProteomICA compendium.
These piModulons represent 25% of detected proteins by count and 22% of the proteome by mass.

The 41 piModulons are classified into different categories (Figure 2.2d). We find that 25 of
the 41 piModulons correspond to known regulators with well-documented biological functions.
Additionally, there are two piModulons that represent a specific biological function without an
associated regulator. These two biological piModulons, in conjunction with the 25 regulatory
piModulons, explain 46% of the overall explained variance in ProteomICA (Figure 2.2d, Figure
2.2e). Eight of the remaining 41 piModulons are considered technical and are single gene
iModulons, whereas six of the remaining 41 are uncharacterized with no clear function. These final
14 piModulons represent 9% of the overall explained variance in ProteomICA. Thus, taken

together, the 41 piModulons explain 55% of the variation in ProteomICA.
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Since ICA is a blind source separation algorithm that deconvolutes mixed signals (41), it
performs better if the signal strengths vary notably between samples (13,25). We see a higher
coefficient of variation (CV) in mass fractions of individual proteins found to be in a piModulon
(Figure 2.2f) versus those that are not in a piModulon (Figure 2.2¢g). Proteins not in a piModulon
account for 78% of the total proteome, with 72% being considered invariant, with CVs less than 1
(n =891 proteins). In contrast, proteins in a piModulon account for 22% of the proteome with only
47% being considered invariant (n = 163 proteins).

Within the invariant non-piModulon proteins, we see the most abundant protein translation
elongation factor, TufA (42), and outer membrane proteins OmpF and OmpA. On the other hand,
MetE, coding for homocysteine transmethylase, is a very large protein that catalyzes the final step
of methionine biosynthesis in the absence of cobalamin (43), is found in a piModulon due to
methionine supplementation conditions that vary its activity. The overall distribution of protein
mass fractions is slightly higher for piModulon proteins (median = 0.000198) than proteins not in a

piModulon (median = 0.000155).

2.2.2 iModulons are annotated to biologically meaningful functions

The iModulons of the transcriptome have annotated biological functions and most have
transcriptional regulators associated with them (iModulonDB.org). The main method for
determining the regulatory role of transcriptomic iModulons (tiModulons) is to use the
corresponding established regulon in conjunction with the highly weighted genes (in a column of
the matrix M) to see if there is a significant overlap (13,24). The same approach was used here in
the analysis of ProteomICA (Figure 2.2h, Figure 2.2i). However, due to the small number of
samples in ProteomICA compared to PRECISE (162 proteomes vs 1035 transcriptomes,
respectively) and fewer proteins than transcripts being identified (1390 proteins vs 4257 genes),

14



fewer signals are decipherable from the proteomic data. As a result, some piModulons represent a
combination of more than one tiModulon.

We illustrate the comparison of the two types of iModulons using two specific examples
(Figure 2.2h, Figure 2.2i). The Met] piModulon overlaps with the MetJ regulon, and the
LeuO/Lrp piModulon overlaps with the Lrp or LeuO regulons. In these two examples, the
LeuO/Lrp piModulon consists of the union of the Leucine and Lrp regulons, and the metE gene is
enriched in both the MetJ and LeuO/Lrp piModulons. The corresponding columns in the iModulon
matrix, M, contain the weightings for each gene in an iModulon.

The activities for each piModulon are found in the corresponding rows of the matrix A. The
elements of this row can be used to plot a bar chart that shows the relative activity of the
piModulon under a given condition. This bar chart is referred to as the activity spectrum for the
piModulon (Figure 2.2j, Figure 2.2Kk). The activity spectrum for the MetJ piModulon shows that it
exhibits low activity in samples with methionine (5 mM) supplementation and LB media, and high
activity during low temperatures and adaptive laboratory evolution (ALE) under temperature stress
(Temp ALE). The high activities at low temperatures are due to the first step of methionine
biosynthesis, homoserine o-succinyltransferases (MetA), being more stable at lower temperatures
(44). The LeuO/Lrp piModulon also has low activity in samples with leucine (5 mM)
supplementation and LB media, but also with methionine (5 mM) supplementation due to the
additional metE enrichment. The latter’s signal is not as strong due to a lower gene weight
of metE in the piModulon, and thus, does not see as negative an activity compared to the leucine
and LB samples.

Thus, ProteomICA can be decomposed into piModulons using ICA. If there is a
corresponding compendium of matched transcriptomic samples available, then the iModulons

computed from both can be related to one another (see the following section).
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2.2.3. iModulons in the proteome mirror those in the transcriptome

The correlation between iModulon gene weights enables the comparison of the weighted
gene content and allows us to match corresponding piModulons and tiModulons computed from
PRECISE and ProteomICA (Figure 2.3a). We computed Pearson correlation coefficients between
gene weights for all pairs of piModulons and tiModulons. pi- and tiModulons are only considered
matched if the resulting correlations are above a threshold of 0.25 (Supplemental Table A.1). This
value is set low due to the non-uniformity of the gene-weight distributions for iModulons with
similar functions across organisms or omics data types. Matches were also manually checked. A
total of 17 of the 25 regulatory piModulons match with a tiModulon, in addition to both biological
piModulons have a matching tiModulon. As mentioned before, some piModulons are combinations
of more than one tiModulon. For most of these cases, the piModulon matched with every
tiModulon within the combination. For example, the FIliA/FIhDC piModulon matched with the FliA

and FIhDC-2 tiModulons.
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Figure 2.3: Proteomic iModulons (piModulons) exhibit similar gene lists and activity levels as
transcriptomic iModulons (tiModulons).

(A) A schematic of correlations between the independent components within the transcriptomic
compendium (PRECISE) and the proteomics compendium (ProteomICA). Colors indicate the
dataset, while the shapes indicate the enrichment category. The shade of the links is determined by
the similarity of the two independent components (Pearson correlation) that match between the two
datasets. (B) Ranked bar plots of the explained variances for each iModulon within both datasets.
Matches between the top-ranked iModulons are shown with rainbow connections. Lumped
piModulons that match to multiple tiModulons have multiple connections of the same

color. (C) Scatter plot of the piModulon recall and tiModulon recall for all matches between the
two datasets. ‘tiModulon Genes’ are genes enriched in the transcriptomic iModulon. ‘piModulon
Genes’ are genes enriched in the proteomic iModulon. ‘Both Genes’ is the intersection of the
tiModulon and piModulon genes. The size of the point is determined by the number of ‘Both
Genes’ (D), (E) Differential iModulon Membership (DiIMM) plots that compare the gene weights
for the matched piModulons and tiModulons for Met] and LeuO/Lrp, respectively. The significance
threshold (gray) shows which genes are enriched in each iModulon. Red genes are enriched in both
iModulons. (F), (G) Differential iModulon Activity (DiMA) plots that compare the activities for
the matched piModulon and tiModulons for MetJ and LeuO/Lrp, respectively. Activities are
considered differentially activated for samples that lie outside the significance threshold (gray).
Differentially activated samples are highlighted in red.
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Upon sorting all iModulons within each compendium by their explained variance and
comparing the genes, it becomes evident that there is a very strong correspondence between the
iModulon’s explained variance between the two omics data types (Figure 2.3b). Of the 20 total
matches between the datasets, 10 piModulons match to 15 tiModulons that are ranked in the top 25
for both, out of 41 total piModulons and 201 total tiModulons. The 10 piModulons explain 32% of
the variability in ProteomICA, while the 15 matched tiModulons explain 26% of the variability in
PRECISE. These values are quite similar even with the significant differences in the total number
of iModulons obtained from each omic data type. Additionally, the explained variability captured
by the two compendia (ProteomICA and PRECISE) is 55% vs 83%, respectively. Thus, the
piModulons detect the stronger signals, but cannot detect the more silent signals that the
tiModulons can.

Matched iModulon pairs can be described based on the recall they have of each other’s gene
sets (Figure 2.3¢). Recall for each matched pair of iModulon can be calculated using the ratio of
the number of genes in both iModulons (‘Both Genes’) to the number of genes in the piModulon or
tiModulon (piModulon Recall and tiModulon Recall, respectively). Larger iModulons mostly fall
in the high recall green quadrant, whereas smaller iModulons predominantly fall in the light blue
low recall quadrant (Figure 2.3¢). Regulon recall for tiModulons with larger regulons is typically
poor (27,28), but that is not observed here, indicating strong correspondence between matched
iModulons.

The iModulon matrix M and the activity matrix A can also be compared for each matched
pairs of iModulons. A differential iModulon membership plot (DiMM) compares the gene weights
(column of M) for matched iModulons between PRECISE and ProteomICA (Figure 2.3d, Figure
2.3e). Genes enriched in both iModulons are highlighted in red, and ICA is able to identify the

same genes in both compendia regardless of gene weight sign. A differential iModulon activity plot
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(DIMA) compares the activities for condition-matched samples in PRECISE and ProteomICA
(Figure 2.3f, Figure 2.3g). Correlations between the two activities are calculated with
differentially activated samples highlighted in red. Correlations range from strong to weak
depending on the number of differentially activated samples and are explored more in the following
section.

We thus find that there is good correspondence between matched piModulons and
tiModulons, with the former often representing combinations of the latter. The gene composition of
matched pi- and tiModulons is congruent, and so are their condition-dependent activities. This

correspondence of modularization of the transcriptome and proteome enables deeper analysis.

2.2.4 Matched iModulons reflect established regulatory mechanisms

The ti- and piModulons can be compared in terms of the gene weights (i.e., composition of
the signal) and their activity levels (i.e., signal strengths), see Figure 2.3d-g. Plotting the
differential iModulon activities (DiMA plots) of all pairs of matched ti- and piModulons reveals
three distinct groups; pairs that are {1} transcriptome-dominant (signal more active in the
tiModulon than the piModulon), {2} proteome-dominant, and {3} neutral. These differences can be
interpreted in light of known transcriptional and translational regulation that, in some cases, is
condition-specific, but in many cases are broad and well established. All DiMA plots can be found
in Supplemental Figure A.3. We describe a few cases in detail. The following reviews also
provide full descriptions for each type of regulatory mechanism in case readers may not be familiar
with them (45-47).

Higher tiModulon activities indicate transcriptional attenuation, riboswitches, or transcript
stability that lead to relatively higher RNA than protein: When tiModulon activities are higher than

that of the matched piModulon, the iModulon has a stronger signal in the transcriptome and is said
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to be transcriptome-dominant. This characteristic can be attributed to transcriptional attenuation,
riboswitches that inhibit translation, or stability due to structural reorganization.

LeuO/Lrp (Figure 2.4a): The LeuO/Lrp iModulon contains the leulABCD operon, which
consists of leucine synthesis genes. The operon is known to be regulated by ribosome-mediated
attenuation in the presence of charged leucine tRNAs (48). Thus, we observe this mechanism as a
transcriptome-dominant iModulon: in rich media or leucine-supplemented minimal media, the
expressed RNA is not translated, leading to an upregulation of the tiModulon relative to the
piModulon. We also observed the iModulon becoming proteome-dominant in the case of arginine
supplementation, which may indicate competitive repression by arginine of the dual regulator Lrp

and its associated operons.
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Figure 2.4: Comparing piModulon and tiModulon activities for matched samples reveal condition-

specific regulatory mechanisms.

Differential iModulon Activity (DiMA) plots for some matched iModulons between the two
datasets. Plots are categorized by the observed result due to regulatory mechanisms, such as
riboswitches, transcriptional attenuation, temperature-dependent transcript structural
reorganization, and protein product autoregulation. (A—C) iModulons that are transcriptome-
dominant (signal more active in the tiModulon than the piModulon) are highlighted in blue. (D—
F) iModulons that are proteome-dominant are highlighted in red. (G—I) iModulons that are neutral
are highlighted in green. Activities are considered differentially activated for samples that lie
outside the significance threshold (dashed line). Legends for each plot are placed below each plot.
LB: Lysogeny Broth, Leu: Leucine Supplement, Arg: Arginine Supplement, Gal: Galactose Carbon
Source, Pyr: Pyruvate Carbon Source, Fum: Fumerate Carbon Source, Diff: Differentially
Activated, Temp: Temperature, Met: Methionine Supplement. » =57 conditions.
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SgrR/Thiamine diphosphate (Figure 2.4b): Thiamine diphosphate (TPP) can act as a ligand
that binds to a riboswitch that inhibits the translation of the thiMD and thiCEFSGH operons
(49,50). Most samples in rich LB media are differentially active towards their respective tiModulon
activities, probably due to thiamine-induced premature transcriptional termination. Additionally,
samples grown on galactose, pyruvate, and fumarate have higher overall pi- and tiModulon
activities due to increased demand for the thiamine cofactor in essential reactions pyruvate
dehydrogenase complex and 2-oxoglutarate (2-ketoglutarate) dehydrogenase complex.

Cold Shock Response (Figure 2.4¢): At temperatures below 37 °C, the csp4 mRNA
undergoes temperature-dependent structural reorganization (51). This structural change is likely due
to the stabilization of an otherwise thermodynamically unstable folding intermediate. At low
temperatures, the structure is also less susceptible to degradation (52). Samples at 30 °C are
differentially active and transcriptome-dominant, while samples at 42 °C have no activity due to
mRNA instability at high temperatures.

Higher piModulon activities indicate translation activation, protein product autoregulation,
or riboswitches that lead to relatively higher protein than RNA: When piModulon activities are
higher than that of the matched tiModulon, the iModulon has a stronger signal in the proteome and
is said to be proteome-dominant. This characteristic can be attributed to riboswitches that promote
translation, protein products autoregulating transcription, or transcript inhibition due to other
proteins.

RpoS+ppGpp (Figure 2.4d): RpoS, the major stress-related sigma factor, and guanosine
3,5-bispyrophosphate (ppGpp), an important alarmone, both act as master regulators for a wide
range of genes including those involved in oxidative stress, temperature shock, acid stress,
starvation, and osmotic stress (53). Both regulators integrate several stress signals, and ppGpp helps

stabilize RpoS, leading to complex transcriptional regulation (53). In addition, ppGpp was recently
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found to directly activate the translation of some genes (54). Thus, we observe a proteome-
dominant expression pattern for this iModulon in several samples. Samples from ALE are also
known to have low RpoS activities, which is replicated here with both pi- and tiModulon activities
(13).

Met] (Figure 2.4e): Met] regulates methionine synthesis genes at the transcriptional level in
response to methionine and related molecules (55). As expected, both the tiModulon and the
piModulon are therefore downregulated in LB media and with methionine supplementation. One
member of this iModulon, MetA (homoserine o-succinyltransferase, the first step of methionine
biosynthesis), is inherently unstable under stressful conditions and high temperatures (44). Thus, it
is regulated by temperature-dependent proteolysis (56). Interestingly, conditions which make the
protein more stable, such as low temperatures and heat-tolerant strains with met4 mutations (Temp
ALE), are proteome-dominant for this iModulon. This observation likely reflects the increased
stability of the MetJ-regulated proteins in those conditions.

Fnr/Spermidine (Figure 2.4f): Spermidine is a known small molecule that binds to a
riboswitch that facilitates the translation of the oppABCDF operon (57). Like the other polyamines,
putrescine, and spermine, it stimulates the assembly of 30S ribosomal subunits, increasing general
protein synthesis up to 2-fold (58). Here, we see more samples with higher piModulon activities
than tiModulon activities due to this increase.

ti- and piModulons that contain their regulator show similar signal strengths in the
transcriptome or proteome: When tiModulon activities are similar to that of the matched
piModulon, the ti- and pi-iModulons have similar strengths in the transcriptome and proteome and
is said to be neutral. This can be illustrated by looking at the Cra, NagC, GalS iModulons (Figure
2.4g-i). The DNA-binding transcriptional dual regulator Cra is a member of both the Cra ti- and

piModulon. The GlcNaC tiModulon contains its transcriptional regulator NagC, as well as the
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Galactose tiModulon which contains GalS. It’s an uncommon phenomena for an iModulon to
contain its own regulator because regulators typically don’t exhibit linear relationships with the
genes they regulate due to the complexity of the TRN. If an iModulon exhibits unique
characteristics, such as temporal dynamics, the regulatory function is split into multiple iModulons
in which case one will contain the regulator and the others won’t (e.g., Phosphate-1,2; FIhDC-1,2,3;
NtrC-1,2,3; Fnr-1,2,3) (14,24). When the regulator is in an iModulon of a single function that didn’t
split, it indicates that there aren’t any complex regulatory interactions since the iModulon activity is
correlated with its regulator’s expression. In the case of Cra, NagC, and GalS, this leads to an
overall neutral relationship between the proteome and transcriptome as seen here.

Previous studies have clearly shown that tiModulons can be knowledge-enriched by
mapping known transcription factor binding sites in promoters of genes found in a tiModulon (24).
The results presented in this section take knowledge enrichment a step further. Namely, various
molecular mechanisms are reflected in the relative activity levels of pi- and tiModulons. Thus, the
ability of ICA to detect these regulatory mechanisms enables us to knowledge-enrich the
relationships between iModulons. When piModulon and tiModulon activities are not well-
correlated, they indicate post-transcriptional regulatory events. Many such events have been

previously characterized in the literature, as described in this section.

2.2.5 tiModulon activities allow prediction of proteome allocation

Revealing the relationships between tiModulons and piModulons opens up the possibility of
predicting the composition of the proteome straight from RNAseq data. Such predictions would be
advantageous since the composition of the transcriptome can be measured cheaper, faster, and with
higher precision and accuracy than the composition of the proteome.

We thus sought to find quantitative relationships between RNAseq data and proteome

allocation. Three types of relationships (linear, exponential, broken line, Figure 2.5a) were
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identified by plotting tiModulon activities against the mass fraction of the proteome allocated to the
genes represented by the tiModulon. tiModulon activities that are linearly correlated with their
proteome allocation indicate proteome-optimized sectors (i.e., amino acid biosynthesis). tiModulon
activities that are exponentially correlated with their proteome allocation indicate proteome-
optimized, yet expensive sectors (i.e., stress-related responses). Finally, tiModulon activities that fit
a broken line indicate a thresholding response due to phenomena like bet-hedging (e.g., central

carbon metabolism) (15,59-63).
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Figure 2.5: Predictability of proteome allocation using tiModulon activities.

(A) Scatter plots for selected tiModulon activities and their measured proteome mass fraction of the
associated enriched genes. tiModulons are characterized based on which regression method resulted
in the best adjusted R? value. The three fits were linear, exponential, and broken line. (B) Venn
diagram detailing the number of genes/proteins covered by both datasets, in addition to the
regression results. A tiModulon is considered to have a strong correlation with its proteome
allocated if the adjusted R? value > 0.3. tiModulon genes covered by proteomics data with strong

correlations are in blue, while covered tiModulon genes with weak correlations are in
. . . . . . . d—ytest
red. (C) Boxplots showing the distribution of normalized errors after cross-validation (%

).

Final model adjusted R? values are scattered on top of the boxplots with black diamonds.
iModulons are organized/colored by their fitting method and quality of the fitting. » =57 conditions
for each model. (D) Treemap of the proteome allocation using the tiModulon regression results.
tiModulons with strong correlations are in blue, while those with weak correlations are in red.
Genes that are not in a tiModulon and whose protein has a CV < 1, are invariant and labeled in
gray. Genes that are not in any tiModulon nor proteome invariant are labeled in green.
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tiModulon activities that represent strong correlations with their proteome allocation
account for 565 genes, 243 of which are covered by ProteomICA (Figure 2.5b). tiModulon
activities are considered to have a strong correlation with proteome allocation if the adjusted R* of
the regression fitting after leave-one-out cross-validation is above 0.3 (Figure 2.5¢). The
adjusted R? 0.3 cutoff was selected as a corrected threshold to use between the three fitting types, as
it is equivalent to an R? of 0.7 for linear regression in this dataset. These 243 genes account for, on
average, 26% of the proteome in the compendia, with a CV of 0.19 (Figure 2.5d). All of the scatter
plots and regressions for tiModulons with strong correlations can be found in Supplemental
Figure A.4. tiModulon activities that represent weak correlations with their proteome allocation
account for 1205 genes, 375 of which are covered by ProteomICA (Figure 2.5b). These genes
account for, on average, 33% of the proteome in the compendia, with a CV of 0.12 (Figure 2.5d).
Proteome invariant genes that are not in a tiModulon account for 30% of the proteome (CV =0.11),
and genes that are not in a tiModulon but are not invariant account for 10% of the proteome
(CV=0.23).

We also wanted to ensure that these results and methods were robust, so we did additional
analysis on our regression methods with holdout splitting percentages ranging from 10% to 30% in
5% increments on top of leave-one-out cross-validation (Supplemental Figure A.5, Supplemental
Figure A.6).

Being able to infer absolute proteome allocation from the transcriptome alone, regardless of
condition, requires generalizable statistical models with large adjusted R* values. Normalized cross-
validation error for each regression is not statistically significant between strongly and weakly
correlated tiModulons, yet the adjusted R? values differ quite substantially due to outliers in both
datasets that cause large errors. While these weaker regressions cannot be used for generalization,

unlike the stronger regressions, some can still be used to estimate the proteome allocated for the
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specific conditions that do not fall in outlier conditions. For example, the translation tiModulon has
one of the weakest correlations but accounts for 11% of the proteome, but due to a small number of
outliers is categorized as weak (Supplemental Figure A.7). Removal of the outlier conditions
would categorize the tiModulon as strong and enable inference of proteome allocation.

Taken together, these results show that ICA decomposition of the transcriptome enables
inference for 56% of the proteome allocation for general cases (gray and blue sectors, Figure 2.5d),
with up to an additional 33% being inferrable for specific conditions (red sector, Figure 2.5d).
These relationships include the effects of post-transcriptional regulation and should represent
practical ways of estimating how differential regulation of gene expression affects the proteome
composition. These results provide a strong impetus for generating larger proteomic datasets to

generate stronger and broader correlations between the datasets and proteome allocation.

2.3 Discussion

Recent advances in big data analytics have enabled the knowledge-enriched modularization
of the transcriptome for various microbial species (13,26-32). Here we investigated if matched
datasets of transcriptomes and proteomes could be modularized in the same way to reveal novel
relationships between their compositions. Using ICA analysis of matched datasets we found that;
(1) the modules of the proteome and the transcriptome are comprised of a similar list of gene
products, (2) the modules in the proteome often represent combinations of modules from the
transcriptome, (3) known transcriptional and post-translational regulation is reflected in differences
between two sets of modules, allowing for knowledge-mapping when interpreting module
functions, and (4) through statistical modeling, absolute proteome allocation can be inferred from

the transcriptome alone.
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Modularizing the proteome via ICA decomposition has resulted in biologically meaningful
groups of independently modulated genes, termed proteomic iModulons, or piModulons. They are
similar to previous studies that have successfully modularized the transcriptome for various
organisms using ICA (24). We show that the piModulons have a similar gene composition as
transcriptomic iModulons or tiModulons. While the proteomics compendium used, ProteomICA is
newer and has five times fewer samples than the transcriptomics compendium used, PRECISE (14),
the former produces detectable signals in just under five times the number of independent modules
computed from the latter. This result suggests that if we expand and improve the quality of
ProteomICA, perhaps with the inclusion of additional post-translational modifications in search
parameters, we may be able to achieve a higher fidelity understanding of the regulation of proteome
allocation.

Due to this size limitation, a number of identified piModulons from ProteomICA represent
combinations of tiModulons. While this may seem problematic at first, a similar phenomenon is
visible when decomposing the transcriptome at lower dimensionalities (64), and it has been shown
that iModulons tend to split as more conditions are added, enabling ICA to identify more signals in
the datasets (13). It is quite promising to see that a number of these combined modules in the
proteome represent the highest explained variance in the compendia of both data types. PRECISE
has a total of 201 tiModulons that explain 83% of the variance in the dataset, while ProteomICA
has a total of 41 piModulons that explain 55% of the variance in the dataset, but the top-ranked
iModulons that are matched between both represent 26% and 32% of the variance, respectively.
Note that ICA-derived explanations are based on knowledge, or mechanisms, in contrast to the
explanation of statistical variation that is obtained using principal component analysis (PCA).

The congruence of the gene compositions of matched ti- and piModulons led to the

comparisons of their activity levels. Such comparison enabled further knowledge enrichment of the
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matched sets of iModulons over and above their individual annotation with regulatory knowledge.
The comparison allowed the attribution of a number of established transcriptional and post-
translational regulatory mechanisms. Regulatory phenomena, such as riboswitches and attenuation,
are easily identifiable when comparing matched iModulons of the corresponding regulatory
component. Thus, interoperable data analytics at the genome-scale can capture an increasing
number of established regulatory mechanisms through detailed molecular biology studies.

We also showed that it is possible to utilize transcriptomic datasets to infer proteome
allocation. Previously, this was only achievable on a per-gene basis, but modularization via I[CA
has scaled up the scope to sets of genes enabling inference of proteome re-allocation (20-22).
Transcriptomic samples can be measured cheaper, faster, and with higher precision and accuracy
than proteomics samples. The fact that we can demonstrate a correlation between tiModulon
activity levels and proteome allocation with this method in its infancy, provides a strong impetus to
explore how broadly we can achieve this correlation which requires the generation of larger
matched sets of transcriptomic and proteomic datasets. As we generate more matched sets, our
regression models will become increasingly more robust since we only currently have 57 matched
conditions for regression. In its current form, we train the regression models on all data points using
leave-one-out cross-validation due to our dataset size limitation. However, the inclusion of
additional holdouts (Supplemental Figure. A.S5, Supplemental Figure 6) doesn’t significantly
deteriorate the proteome allocation prediction capacity and in fact, further supports the robustness
of our initial models. More data will enable more rigorous validation testing of these regression
models in follow-up studies.

Furthermore, enabling the prediction of proteome re-allocation between conditions using
transcriptomics can further bridge the gap between observable physiological states and molecular

profiling methods. Genome-scale computational models that compute proteome allocation can now
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be parameterized better and thus be used to build quantitative relationships between the regulation
of gene expression and physiological functions and fitness (6,16).

Taken together, we have shown that ICA can modularize the transcriptome and proteome in
a consistent manner. The iModulons are knowledge-enriched and thus interpretable based on the
fundamentals of cell and molecular biology. This achievement enables the meaningful
interoperability of two key omics data types, leading to quantitative and knowledge-based
relationships at the genome-scale between the proteome and transcriptome. This capability, in turn,
gives us a deep understanding of the systems biology of bacteria, which leads to interpreting their
adaptation and changes to environmental stimuli. Thus, distal and proximal causation can be

studied at a new scale to more deeply understand organism fitness and survival strategies.

2.4 Methods

2.4.1 Proteomic sample preparation

Frozen cell pellets were resuspended in lysis buffer (75 mM NaCl (Sigma—Aldrich), 3%
sodium dodecyl sulfate (Fisher Scientific), | mM sodium fluoride (VWR International, LLC),
1 mM B-glycerophosphate (Sigma—Aldrich), 1 mM sodium orthovanadate, 10 mM sodium
pyrophosphate (VWR International, LLC), 1 mM phenylmethylsulphonyl fluoride (Fisher
Scientific), 50 mM HEPES (Fisher Scientific) pH 8.5, and 1x complete EDTA-free protease
inhibitor mixture). Samples were vortexed and sonicated (Qsonica, Q500 equipped with a 1.6-mm
microtip) at 20% amplitude for three cycles of 2 s of sonication followed by 2 s of rest, with a total
sonication time of 12 s.

Total protein abundance was determined using a bicinchoninic acid Protein Assay Kit
(Pierce) as recommended by the manufacturer. Six micrograms of protein were aliquoted for each

sample. Sample volume was brought up to 20 pL in a solution of 4 M Urea and 50 mM HEPES,
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pH =8.5. Proteins were reduced and alkylated with 5 mM dithiothreitol (DTT) for 30 minutes at

56 °C and 15 mM iodoacetamide (IAA) at room temperature in the dark for 20 min. The reaction
was quenched with the addition of 5 mM DTT for 15 min at room temperature in the dark. Proteins
were precipitated by adding 5 uL of 100% trichloroacetic acid on ice for 10 min, then centrifuged at
16,000 x g for 5 min at 4 °C. The supernatant was removed, and pellets were washed gently in

50 uL of ice-cold acetone. The wash was repeated twice, and the pellets were dried on a heating
block at 56 °C. Pellets were resuspended in 1 M Urea and 50 mM HEPES, pH 8.5. The UPS2
Standard (Sigma) was reconstituted as follows: 20 uL of 4 M Urea and 50 mM HEPES, pH 8.5 was
added to the stock tube and vortexed and sonicated for 5 min each. Reduction and alkylation were
performed as described above. The standard was then diluted in 50 mM HEPES, pH 8.5 such that
the final concentration of urea was 1 M. Then 0.88 pg of the standard was spiked into each
experimental sample. Samples were then digested first with 6.6 pug of LysC at room temperature
overnight followed with 1.65 ug sequencing grade trypsin (Promega) for 6 hours at 47 °C.
Digestion was terminated with the addition of 3.3 pL 10% trifluoroacetic acid (TFA) and was
brought to a final volume of 300 uL with 0.1% TFA. Samples were centrifuged at 16,000 x g for

5 min and desalted with in-house-packed Stage-Tips (36,65). Samples were then dried in a

speedvac, and stored at —80 °C until LC-MS/MS.

2.4.2 LC-MS/MS

Samples were resuspended to 1 pg/pL in 5% acetonitrile (ACN) and 5% formic acid (FA),
vortexed, and sonicated. Samples were analyzed on an Orbitrap Fusion Mass Spectrometer with in-
line Easy NanoLC (Thermo) in technical triplicate. Samples were run on an increasing gradient
from 6 to 25% ACN +0.125% FA for 75 min, then 100% ACN +0.125% FA for 10 min. One
microgram of each sample was loaded onto a 35 cm length in-house—pulled and —packed glass

capillary column (ID 100 um, OD 360 pm) heated to 60 °C. The column was triple packed first
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with C4 resin (5 um, 0.5 cm, Sepax), then C18 resin (3 um, 0.5 cm, Sepax), and finally C18 resin
(1.8 um, 29 cm, Sepax). Electrospray ionization was achieved through application of 2000 V to a
stainless-steel T-junction connecting the sample, waste, and column. The mass spectrometer was
run in positive polarity mode with MS1 scans performed in the orbitrap (375 m/z to 1500 m/z,
120,000 resolution, AGC set to 5 x 10°, ion injection time of 100 ms maximum, dynamic exclusion
set to 30 s duration). Top N was used for fragment ion isolation, with N set to 10. A decision tree
was used to isolate ions with a charge state of two between 375 m/z and 1500 m/z, and ions with
charge states of 3—6 were isolated between 600 m/z and 1500 m/z. Precursor ions were fragmented
using fixed collision-induced dissociation and fragment ions were detected in the linear ion trap in
profile mode. Target AGC was set to 1 x 10*,

Technical triplicate spectral data was searched against custom reference proteomes of the
respective strains (see above) with the UPS2 database appended using Proteome Discoverer 2.5
(Thermo). Spectral matching and an in-silico decoy database were performed using the SEQUEST
algorithm (66). Precursor ion mass tolerance was set to 50 PPM, and fragment ion tolerance was set
to 0.6 Daltons. Trypsin and LysC were specified as digesting enzymes with a maximum missed
cleavage of two sites allowed. Peptide length was set between 6 and 144 amino acids. Dynamic
modifications included the oxidation of methionine (+15.995 Da), and static modifications included
carbamidomethylation of cysteines (+57.021 Da). A false discovery rate of 1% was applied during

spectral searches.

2.4.3 Proteome abundance estimations

The protein abundance estimation steps used on the new dataset are the same used on the
previous PXD015344 (36). The top3 metrics were calculated for each protein as the average of the
three highest peptide areas (21,67). Linear regression was used to calibrate the top3 metric with the

UPS2 standard according to the following model:
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log10(A) = a + blogyo(top3)
Where A is the amount of loaded protein A and top3 is the average of the three highest
peptide areas. In order to obtain abundance relative to cell dry weight, we used the following

formula:

A;
24

Ci=v

Where the numerator of the ratio, Ai, is the abundance of the ith protein, and the
denominator is the sum of abundances for all j proteins. We use a constant ratio y=13.94

umol*gDW ! (68).

2.4.4 Compiling ProteomICA and data imputation

Upon estimating protein abundances, proteins with <50% coverage within the dataset were
removed. Of the remaining proteins, samples with no abundances were replaced with the minimum
global protein abundance. Datasets were then converted to mass fractions or protein concentrations
and concatenated to compile the proteomics compendia. Similar to how the final transcriptomics
expression compendium is log-transformed log>(TPM + 1), the final proteomics expression
compendium is scaled by a million and also log-transformed similarly log>(PPM + 1) (13).
Biological replicates with R? < 0.9 were removed to reduce technical noise. Individual datasets
were then centered using a common reference condition between all datasets to reduce batch

effects.

2.4.5 Independent component analysis

ICA was run following the PyModulon workflow. ICA is implemented using the optICA
extension of the popular algorithm FastICA. The script can be found

(https://github.com/SBRG/iModulonMiner/tree/main/4 _optICA). The output of the algorithm are
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two matrices, M and A, given an input matrix X. In our case, the matrix X is our curated
proteomics compendium. The matrix M contains robust independent components, and the

matrix A contains their corresponding activities.

2.4.6 Computing independent components and their enrichments

After running ICA and obtaining the resulting matrix decomposition, the PRECISE1K
workflow (https://github.com/SBRG/preciselk) (14) is used to choose the optimal dimensionality
of the resulting ICA runs and associate regulator enrichments to iModulons. After automation,
enriched iModulons are checked for their associated regulators and uncharacterized iModulons are

manually curated using a variety of annotation tools such as COG and GO terms.

2.4.7 Comparing iModulons between PRECISE and ProteomICA

The PyModulon python package (https://github.com/SBRG/pymodulon) (13) was used for
the DiIMM, and DiMA, and explained variance plotting functions. The PyModulon package also
enables comparison between organisms via the compare ica function, which was utilized to
correlate the iModulons between PRECISE and ProteomICA. The compare ica function uses only
the overlap of the two gene sets to calculate correlations, and has a default threshold of 0.25 which
was not changed. The ICA workflow was run on a subset of PRECISE that contained only the 1390
genes covered by proteomics and 137 matched samples (57 conditions without replicates), centered
using the same common reference condition as ProteomICA. Population samples were not included
in the matched dataset, only clones. The resulting decomposition was used for DIMM, DiMA, and

recall plots.
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2.4.8 Regression and cross-validation for proteome allocation

Only matched samples that are present in both PRECISE and ProteomICA were used for
this analysis. Uncharacterized, Genomic, and Technical tiModulons were ignored. For each
tiModulon, tiModulon activity was plotted against its associated proteome mass fraction. Replicates
were averaged for both iModulon activity and proteome allocation. Leave-one-out cross-validation
was performed with three different fits, linear, exponential, and broken line. The model with the
lowest mean average error was selected as the best fitting method for that tiModulon. To analyze
the robustness of the models and results, data was split into train and test groups, with the test
group ranging from 10% to 30% in increments of 5%. Leave-one-out cross-validation was

conducted on the training set, with the final model parameters evaluated against the test set.

2.4.9 Calculating proteome allocated to groups of tiModulons

Proteome allocation to groups of tiModulons was calculated sequentially to avoid multiple
iModulon gene memberships. First, tiModulons with strong correlations were sorted in descending
order by model performance. tiModulon gene lists were extracted and used to calculate the mean
and CV for mass fractions across the compendia. After which, the genes were removed from the
total gene list (1390 genes in the proteome coverage) and could no longer be used for another
tiModulon. tiModulons with weak correlations were calculated in a similar fashion after iterating
through all the tiModulons with strong correlations. Lastly, proteome invariant genes and then
‘Other’ were calculated straight from the remaining gene list since there could no longer be

overlap.

2.4.10 Statistics and reproducibility

No statistical method was used to predetermine size. Two samples were excluded from

analysis due to not meeting the biological replicated threshold (see Compiling ProteomICA and
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data imputation section). The experiments were not randomized. The Investigators were not blinded

to allocation during experiments and outcome assessment.

2.4.11 Data and code availability

All MS-based proteomics raw files for newly run samples are available on the
ProteomeXchange Consortium with the dataset identifier PXD039558. All previously used
proteomics data can be found under the identifier PXD015344. All data generated or analyzed
during this study are included in the published article (and its Supplementary Information Files).
The full PRECISE1k decomposition matrices are available at https://github.com/SBRG/preciselk.
Raw RNA-seq data used in PRECISE 1k have been deposited at GEO and are publicly available.
Accession numbers are listed in the metadata file located in the GitHub repository at the path:
data/preciselk/metadata qc.csv.

Code for our Independent Component Analysis pipeline can be found on GitHub
(https://github.com/SBRG/iModulonMiner, https://github.com/SBRG/preciselk). Code for all

iModulon analysis can also be found on GitHub (https://github.com/SBRG/pymodulon).
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Chapter 3. Respiratory plasticity and the aerobicity stimulon in E. coli
revealed by laboratory evolution and multi-scale computational systems
biology of electron transport system variants.

Respiration in Escherichia coli provides a model system for examining how metabolic
networks reorganize to balance energy efficiency and proteome allocation under diverse conditions.
In this chapter, we investigate respiratory plasticity using strains engineered with unbranched
electron transport systems (ETS) that differ in proton-pumping efficiency. Two complementary
manuscripts are presented. The first establishes how distinct ETS configurations adapt through
laboratory evolution, revealing that alternative pathway rewiring enables all variants to converge on
optimized growth and defining the Aero-Type System (ATS) as a generalized framework for
aerobic bioenergetics. The second extends this approach to nutrient-limited conditions, integrating
multi-omics analysis and genome-scale modeling to identify a conserved aerobicity stimulon and
carbon source-specific adaptive mechanisms. Together, these studies exemplify the dissertation’s
overarching theme by showing how knowledge-enriched data analytics and modeling tools
interoperate to generate a systems-level understanding of respiratory plasticity and energy

homeostasis.

3.1 Background

Respiration requires organisms to have an electron transport system (ETS) for the
generation of proton-motive force across the membrane that drives ATP synthase. Although the
molecular details of the ETS are well-studied and constitute textbook material, few studies have
appeared to elucidate its systems biology. The most thermodynamically efficient ETS consists of
two enzymes, an NADH: quinone oxidoreductase (NqQRED) and a dioxygen reductase (O2RED),
which facilitate the shuttling of electrons from NADH to oxygen. However, evolution has produced

variations within the ETS which modulate the overall energy efficiency of the system even within
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the same organism (69—-71). The systems level impact of these variations and their individual
physiological optimality remain poorly determined. To mimic varying ETS efficiency we generated
four Escherichia coli deletion strains (named ETS-1H, 2H, 3H, and 4H), each with one of the four
unbranched ETS variants that pump 1, 2, 3, or 4 proton(s) per electron, respectively. We then
performed systems level characterization of these ETS variants. We observe that: (a) adaptive
laboratory evolution (ALE) enables all four ETS variants to evolve to a similar growth rate; (b) the
evolution of ETS variants is supported by specific rewiring of major energy-generating pathways
that couple to the ETS to optimize their ATP production capability; (c) proteome allocation per
ATP generated is the same for all the variants, (d) the aero-type, that designates the overall ATP
generation strategy (72) of a variant, remain conserved during its laboratory evolution, with the
exception of the ETS-4H variant; and (e) integrated computational analysis of the data supports a

proton-to-ATP ratio of 10 protons per 3 ATP for ATP synthase for all four ETS variants.

3.2 Results and Discussion

E. coli has a highly flexible ETS consisting of 15 dehydrogenases and 10 reductases to
allow growth in both oxic and anoxic environments (73). The expression of these enzymes is
regulated by a variety of electron acceptors with a known hierarchy, such that oxygen represses all
anoxic respiratory pathways and nitrate represses other anoxic pathways (71,73). Despite this
thermodynamic hierarchy, co-expression of different respiratory chains was reported in another y-
proteobacterium to expand the flexibility of its electron transfer network (71). We probed the
condition-dependent expression of all these dehydrogenases and reductases using a large RNA-seq
compendium for E. coli (14). We observed a spectrum of expression values of these genes across
the experimental conditions showing the contribution of these enzymes in generating plasticity in

energy metabolism (Supplemental Figure B.1).

40



To examine the contributions of individual oxic respiratory pathways to bioenergetics, we
sought to design unbranched pathways through the ETS. The oxic component is contributed by
both proton pumping and non-pumping NqREDs (hereafter referred to as NDH-I and NDH-II,
respectively) along with three types of O,REDs (Figure 3.1a). Cytochrome bd O.REDs (CBDs)
are less electrogenic compared to Cytochrome boz OoREDs (CYO). There are two CBDs, bd-I and
bd-II, and both functions similarly to generate proton-motive force (PMF) by a vectorial movement
of protons involving transmembrane charge separation. The similar PMF generation strategies

make bd-I and bd-II O.REDs equivalent when choosing gene knockout strategies (74,75).
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Figure 3.1: Generation and evolution of unbranched ETS variants.

(A)Schematic showing the respiratory enzymes involved in the flow of electrons from NADH
(donor) to oxygen (acceptor). NDH-I and NDH-II are the proton pumping and non-pumping
NADH: quinone oxidoreductase, respectively. Dashed arrows for CBDs represent the vectorial
mode of PMF generation. (B) Scheme for generating ETS variants translocating 1, 2, 3, or 4
proton(s) per electron. #ETS is the unevolved strain and eETS is the evolved strain. A—D are the
four independently evolved lineages of each strain. (C) Growth rates of ETS variants before and
after ALE. (D), (F) Predictive mechanistic interpretation of the impact of mutations observed in the
evolved strains of (D) ETS-3H (sdhA) and (F) ETS-4H (yj7X) mutations on the structure and
function of the protein. Mutations displayed are those from this study and other ALE experiments
in ALEdb seen to mutate these genes (76). Horizontal tracks display the reported features
associated with the region of the protein. The mutations collected from ALEdb refer to experiments
from the following set, respectively (77—79). Protein structures showing the amino acid residues
mutated in (E) SdhA and (G) Yj;X.
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Based on these characteristics, we designed four ETS variants with unbranched electron
flows representing all alternate oxic respiratory routes translocating 1, 2, 3, or 4 proton(s) per
electron (designated as ETS-nH, with n=1, 2, 3, 4). The designs of the four ETS variants are
illustrated in Figure 3.1b.

Next, we analyzed their growth phenotype (Figure 1c). Interestingly, the unevolved
variants (called uETS) showed different growth rates that had no clear association with their
H'/e” value. While the loss of activity of NDH-I showed a lesser growth rate retardation, the
deletion of NDH-II significantly compromised the growth rate of the deletion strains.

To allow the ETS variants to overcome the growth defects resulting from gene deletions, we
performed ALE with four independent replicates of each variant in an oxic environment
(Supplemental Table B.1) (evolved variants are named eETS-nHm with the replicate evolutionary
endpoints indexed as m = A, B, C, D) (80). We evolved all variants until their growth rate
plateaued. ETS-1H, 2H & 3H required evolution for approximately 400 generations, while ETS-4H
required approximately 700 generations. In spite of the different number of protons pumped per
electron, all four ETS variants evolved to a similar optimized growth rate in replicate evolutions
(~0.85h™!) (Figure 3.1c¢).

Next, we sought to determine the acquired mutations that enabled adaptation to a higher
growth rate for all ETS variants. We performed whole-genome sequencing of each strain and used
a comprehensive database of mutations from ALE experiments (aledb.org (76)) to interpret the
potential impact of the identified mutations. The mutation calling revealed only a few genetic
changes in the evolved strains except for eETS-4HC which acquired 15 genetic changes. The
higher number of mutations in eETS-4HC could be due to the mutated DNA mismatch repair
enzyme mutS in this strain (81). Every ETS variant acquired mutations responsible for enabling

faster growth on M9 minimal medium (Supplemental Table B.2) (77,82—-84). An intergenic
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mutation between pyrE and rph has been reported to alleviate pyrimidine pseudo-auxotrophy
resulting in a faster growth rate. RNA polymerase subunit mutations are proposed to favor a higher
growth rate by accelerating the transcriptional processes. Another common mutation reported to
support a faster growth rate is in the intergenic region between /Ans and ¢dk. This mutation is
expected to downregulate several stress response pathways and shift resources to support

growth. uETS-1H carried the pyrE-rph intergenic mutation, which explains the relatively faster
initial growth rate of this strain.

Besides mutations responsible for acclimatization to media, ¥ETS-3H and uETS-4H
acquired a common gene-related mutation in all four independently evolved lineages. This
mutational convergence simplified the otherwise difficult task of establishing the genotype-
phenotype relationship (85-87).

All four evolved replicates of uETS-3H acquired point mutations in sdhA, the catalytic
subunit of succinate dehydrogenase (Supplemental Table B.2). eETS-3HB acquired a point
mutation that brings in a premature termination codon in the sdhA open reading frame, suggesting a
loss of functional enzyme. We explored the potential impact of other mutations by investigating
whether the SNPs could affect the protein’s function based on amino acid properties and sequence
homology (SIFT) (88) or structural stability (AAG) (89). Almost all mutations in sdhA4 were either
in or near interface surfaces and seem to be working to disrupt its functionality by either disrupting
a substrate-binding site or causing a structural-functional perturbation (Figure 3.1d, Figure 3.1e).
Notably, the deletion of another subunit of this enzyme, sdhC, has been reported to increase the
biomass yield in an oxic environment (90). uETS-3H appeared to adopt a similar metabolic route to
increase its growth rate.

All four replicates of uETS-4H acquired mutations in an inadequately characterized

gene, yjjX (Supplemental Table B.2). The structural and biochemical evidence suggests that YjjX,
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an inosine/xanthosine triphosphatase, may be involved in the mitigation of the deleterious impact of
oxidative stress by preventing the accumulation of altered nucleotides (91). Also, the physical
association of YjjX with the elongation factor suggests a negative impact on the translational rate.
The STRING-based protein-protein interaction predicted the association of YjjX with glycolytic
and ATP biosynthetic processes (92). Interestingly, eETS-4HA replaced the start codon, ATG, with
ATA. Apart from replacing methionine with isoleucine, this substitution potentially diminishes the
expression of this protein (93). A similar disruptive impact is expected from other yjjX mutations
(Figure 3.1f, Figure 3.1g). The cysteine to tyrosine substitution at amino acid residue 30 was
predicted to destabilize the structure as it lies just beside a subunit interface residue, and a charge
reversion due to the glutamate to lysine substitution at amino acid residue 38 targets the metal-
binding site. Thus, it appears that eETS-4H is attempting to prevent translational halting to achieve
a higher growth rate.

Since the restoration of the evolved variants to the same growth rate cannot be deciphered
from genetic changes alone, we took a broader systems view to understand the underlying
metabolic perturbations. We examined how the evolved variants rewired the fluxes through the
major metabolic pathways that couple to the ETS. We generated RNA sequencing and metabolite
profiling data for all the strains and performed targeted and systems level analyses. We observed a
high transcriptional correlation among the evolved replicates (Spearman’s rank correlation
coefficient >0.75) of each variant, but the correlation between pre-and post-evolved variants was
lower (Figure 3.2a). Notably, consistent genetic and transcriptomic changes supported a common

evolutionary trajectory for the replicates of each variant.
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Figure 3.2: Metabolic rewiring supporting growth rate optimization in the ETS variants.

(A) Transcriptional and metabolic flux distribution correlations between evolved replicates and
unevolved strains. Correlation of all four evolved replicates of each ETS variant has been
calculated with corresponding unevolved strain and has been presented as Pre-vs.-Post ALE strains
correlation. Correlation of all four evolved replicates of each ETS variant has been calculated
among each other and has been presented as Endpoint Replicates correlation. (B) Expression
changes in the alternate NqRED and O2RED in the unbranched ETS variants. (C) Computed
metabolic flux maps depicting the central metabolism in the evolved ETS variants as compared to
respective unevolved ETS variants. Key metabolites are indicated in the figure as follows: glc
glucose, gbp D-glucose-6-phosphate, fop D-fructose-6-phosphate, 6 pg 6-phospho-D-gluconate,
ru5p D-ribulose-5-phosphate, rSp a-D-ribose 5-phosphate, xuSp D-xylulose-5-phosphate, s7p
sedoheptulose-7-phosphate, e4p D-erythrose-4-phosphate, dha dihydroxyacetone, dhap
dihydroxyacetone-phosphate, kdpg 2-keto-3-deoxy-6-phosphogluconate, g3p glyceraldehyde-3-
phosphate, pep phosphoenolpyruvate, pyr pyruvate, ac acetate, accoa acetyl-CoA, oaa oxaloacetate,
cit citrate, acon cis-aconitate, icit isocitrate, akg 2-oxoglutarate, succoa succinyl-CoA, succ
succinate, fum fumarate, mal malate. [oxPPP oxidative pentose phosphate pathway, EMP Embden-
Meyerhof-Parnas pathway, ED Entner—Doudoroff pathway, TCA Tricarboxylic acid cycle].

Bacterial physiology displays a remarkable compensatory potential facilitated by altered
metabolic flux states resulting from genetic and transcriptomic changes (90). Therefore, we
examined if the surrogate NqQRED or O2RED compensated for the loss of function resulting from

deleted ETS enzymes (Figure 3.2b). There was no clear compensatory trend in the strains with
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unbranched ETS except for ETS-4H. ETS-4H increased the expression of NDH-I while increasing
or maintaining the expression of CYO after evolution. Surprisingly, the compensatory upregulation

of ndh in uETS-2H was lost after evolution to a higher growth rate.

Since RNA expression levels may not correlate with metabolic fluxes due to differential
translation efficiency and different enzyme catalytic turnover rates, we performed a metabolic flux
distribution analysis. To obtain the metabolic flux map, we measured the medium exchange rates of
the major metabolites related to respiratory metabolism (Supplemental Table B.3). We used both
the metabolite exchange rates and transcriptomic data as constraints to simulate the flux through the
pathways of the central carbon metabolism using a genome-scale model of metabolism and
protein expression (ME-model) (94). We observed a high correlation in the metabolic flux
distributions of the four evolved replicates of each strain, further supporting a similar evolutionary

pathway followed by replicates of each variant (Figure 3.2a).

To more deeply understand the different metabolic states exhibited by the evolved variants,
we examined the variations in their computed proteome allocation using the solutions from the
phenotypic and transcriptomic constrained ME-models. We observed a clear distinction between
strains with alternate NqQRED for the preferred glycolytic pathway (Figure 3.2¢). NDH-I has
approximately 10-times higher molecular mass as compared to NDH-II (95,96). Therefore, despite
its PMF generation potential, NDH-I is a less preferred dehydrogenase during oxic respiration to
achieve faster growth (73). The non-proton pumping high turnover dehydrogenase, NDH-II, is
better suited to relieve the growth bottleneck that may arise due to excess built-up of PMF while

allowing the operation of oxic ETS (73,97).

The finite resource carrying capacity of a cell creates metabolic tradeoffs on how to
partition the proteome to support metabolic pathways best suited for a given growth condition.

With an approximately 3.5-fold higher protein cost, the Embden—Meyerhoff—Parnass (EMP)
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pathway consumes a larger proportion of proteome as compared to the Entner—Doudoroff (ED)

pathway (98). However, the higher ATP yield of the EMP pathway alludes to a potential tradeoff
between the two glycolytic pathways for optimizing ATP production while maintaining a growth-
supporting proteome (99). The ETS-3H and ETS-4H strains forced to respire using larger NqRED
(NDH-I) increased the flux through the proteome conservative ED pathway. Thus, we observed a

compensatory selection of the preferred pathway to achieve a balanced proteome.

Interestingly, while strains with nuoB deletion (ETS-1H and ETS-2H) increased metabolic
flux through complex II of ETS, ETS-3H appeared to minimize the flux through complex II.
Notably, eETS-3H lacks ndh and acquired a mutation in the gene sdhA which codes for a complex
IT subunit. However, ETS-4H, which also lacks the ndh gene, increased the flux through complex

I1, albeit at a lower level compared to ETS-1H and ETS-2H.

Thus, metabolic plasticity (reflected in metabolic rewiring and associated proteome
allocation) allows for redundancy in the eETS variants while supporting the same growth rate.
Knowledge of this metabolic plasticity motivated the examination of the overall bioenergetics-state
of the evolved ETS variants to fully understand the basis for the evolution to the same growth rate.
We have earlier defined an approach to classify the E. coli phenotypes into aero-types, which is a
quantitative fitness descriptor based on cellular respiratory behavior and proteome allocation (72).
The stratification of aero-types is based on the multimodal distribution of the fraction of total ATP
produced through ATP synthase which is modulated through the discrete usage of ETS enzymes.
We have reported a non-uniform distribution of phenotypic growth data in the rate-yield plane that
can be approximately segregated in different aero-types based on sampling simulations. Here we

used aero-types to examine the fitness distribution of ETS variants.

We observed that ETS-1H, ETS-2H, and ETS-3H did not show a major shift in their

biomass yield during evolution and thus preserved their respective aero-types (Figure 3.3a). The
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evolutionary optimization of growth rate appears to be largely driven by rewiring central carbon

metabolism while oxidative energy metabolism is conserved. ETS-4H jumped from a lower to a

higher aero-type after evolution, suggesting an increase in oxic metabolism. The ETS-4H variant

has the highest PMF generation capacity. Its aero-type shift to higher classes occurred only after

adaptive evolution.
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Figure 3.3: Systems-level examination of ETS variants.

(A) Aero-type classification of the ETS variants. Broken lines on the aero-type plot show growth
rate isoclines. (B) ME-model-based examination of the ATP production (left y-axis) and proteome
allocation (right y-axis) in the ETS variants. The ATP produced per ATS proteome is
approximately the same. (C) Contributions of different ATP-producing reactions towards total ATP
production. ATP production by (i) ATP synthase (ATPS) in oxidative phosphorylation, (ii) acetate
kinase (ACKr) in mixed acid fermentation, (iii) succinyl-CoA synthetase (SUCOAS) in the TCA
cycle, and (iv) phosphoglycerate kinase (PGK) in the glycolysis pathway is shown in the histogram.
The mean and standard deviation values are calculated using four independently evolved replicates
of each strain. (D) Tradeoffs in the expression levels of genes of iModulons associated with anoxic
(y-axis) and oxic (x-axis) energetics underlie the rewiring of the ATS to allow all variants to
achieve approximately the same growth rate. The lowest aerotype (ETS-1H) has high anoxic/low
oxic gene expression while the highest aerotype (ETS-4) exhibits the opposite. The gene
composition of the iModulons is shown in Supplemental Table B.4. The outliers of the replicates
for an ETS variant are reflections of the differences in their genotypes (Supplemental

Figure B.2). (E) Estimation of the number of protons required for the phosphorylation of ADP by
ATP synthase (proton-to-ATP ratio) using the ME-model and the experimental data. Individual
values of four independently evolved replicates of each ETS variant have been shown on the plot
and corresponding median and range of values have been presented.
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The clustering of each evolved ETS variant along the same growth rate isocline
(Figure 3.3a) indicated global remodeling of the energy metabolic network to produce similar
growth-supporting bioenergetics. We thus defined a larger respiratory system, called the Aero-Type
System (ATS), consisting of oxidative phosphorylation, glycolysis, pyruvate metabolism, the TCA
cycle, and the Pentose Phosphate pathway, that together define the overall state of oxic energy
metabolism (Supplemental Figure B.3). The total proteome allocated to the ATS was very similar
in each eETS variant, and the total ATP output of each proteome expressed was almost constant
(Figure 3.3b). Thus, the composition of the ATS was malleable and able to provide the same
supply of ATP, allowing similar growth rates for all eETS variants. We also observed a trend in the
metabolic location of ATP production across the variants, where the relative contribution of
oxidative phosphorylation was highest for eETS-4H and lowest for eETS-1H (Figure 3.3¢).

Accordingly, an inverse trend was observed for glycolytic and fermentative ATP production.

We next examined the transcriptome to identify the tradeoffs in gene expression that
enabled the different metabolic states. We applied a blind source signal separation algorithm, called
independent component analysis (ICA) (13), to examine differential partitioning of the
transcriptome of the 209 ATS genes. ICA decomposed the ATS transcriptome into independently
modulated sets of genes (called iModulons). The activities of several iModulons showed a clear
association with the aero-type of the ETS variants (Supplemental Figure B.4). iModulons
consisting of genes associated with oxic respiration showed a positive correlation with aero-type
status (iModulons 8, 13, and b2287), and those constituted by anoxic and/or metabolic genes
showed a negative correlation (iModulons 7, 9, 10, 16, and b3366) (Supplemental Figure B.2).
Thus, an oxic-anoxic transcriptomic tradeoff enabled the four ETS variants to maintain similar ATP

production capacity (Figure 3.3d).
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The direct measurement of the number of protons translocated through ATP synthase to
produce one molecule of ATP (H"/ATP) is technically challenging and, therefore, it is still an area
of active research (100). The rotational catalysis-based calculation suggests the H'/ATP value to be
3.3, due to the symmetry mismatch between the F, and Fi complexes of ATP synthase: threefold
symmetry of a3p33 in F1 and tenfold symmetry of the c-ring in F, (101,102). The proton-to-ATP
ratio may vary depending upon any change in the number of c-subunits and this modulation allows
tailoring to meet the bioenergetic demand of various organisms (103). The H"/ATP value derived
using a synthetically reconstituted membrane system was found to be 4 (104). With our
comprehensive definition of the state of the ATS amongst the variants, we could address the issue
of ATP synthase proton-to-ATP ratio. We used data generated on the variants to computationally
estimate the most likely proton-to-ATP ratio for E. coli ATP synthase (100). We constrained the
ME-model using the observed metabolic exchange rates and gene expression data and optimized
for the H'/ATP value of ATP synthase that produces the experimentally estimated growth rates of
the variants. The ME-model calculates the median value of the H/ATP to be 3.25, a value close to
3.3 supporting the rotational catalysis hypothesis (Figure 3.3¢). Notably, while 10 is the preferred
number of ¢ subunits in the E. coli F, motor of ATP synthase, the number of subunits can vary,

which will change the H/ATP value (105-108).

Taken together, our results lead to an expanded definition of oxic respiration beyond the
conventional ETS, which involves an electron transport chain to create PMF, that then drives the
ATP synthase. Here, we define the Aero-Type System that encompasses the ETS and coupled
metabolic pathways (Supplemental Figure. B.3). The ATS is composed of 209 genes. The ATS
represents about 38% proteome allocation in all evolved variants. A decrease in the ETS energetic
efficiency (often measured in terms of the P/O ratio) can be balanced by increased flux through the
coupled metabolic pathways. This balance is governed by the cost of protein synthesis.
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Remarkably, the overall proteome allocation to the ATS is similar in the evolved variants
and generates the same amount of ATP, enabling them to achieve the same growth rate. The
different ways in which the ATS is balanced underlies its plasticity and represents a demonstration
of the key systems biology concept of alternate optimal states. These alternate states have a
different combination of proton pumping efficiency, complementary metabolic rewiring achieved
through tradeoffs in the composition of the transcriptome, and concomitant efficiency of proteome
allocation, but enable the same overall cellular function. The cytoplasmic-periplasmic adaptive
nexus that the ATS represents thus illustrates the deep plasticity inherent in achieving balanced

energetic systems to match metabolic needs in different environmental niches.

3.3 Methods
3.3.1 Examining PRECISE 2.0 for expression levels of respiratory enzymes
PRECISE 2.0 is a compendium of high-quality RNA-seq for E. coli K-12 (14). It contains

815 RNA-seq datasets of samples with different genetic changes or varied growth conditions. We
examined the expression of respiratory dehydrogenases and reductases in the entire dataset. For
intelligible purposes, we plotted the expression levels in samples that are directly or indirectly
associated with energy metabolism. The expression levels shown are the median value across

replicates for a sample.

3.3.2 Strain generation and adaptive laboratory evolution
E. coli K-12 MG1655 (ATCC 700926) was used as the wild-type strain. P1 phage

transduction method was used to generate the knockout strains (109), and strains from the Keio
collection were used as a donor for the gene knockout cassettes (110). uETS-1H and «ETS-3H
were generated and used for validation purposes in an earlier study (72). uETS-2H and uETS-4H

were generated here and all four ETS variants were evolved for this study.
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ALE was performed using 4 independent replicates of each ETS variant. Cultures were
serially propagated on M9 minimal medium with 4 g/L. glucose at 37 °C and well-mixed for proper
aeration using an automated system that passed the cultures to fresh flasks once they had reached
an Asoo of 0.3 (Tecan Sunrise plate reader, equivalent to an Aeoo of ~1 on a traditional
spectrophotometer with a 1 cm path length). Cultures were always maintained in excess nutrient
conditions assessed by non-tapering exponential growth. The evolution was performed for a

sufficient time interval to allow the cells to reach their fitness plateau.

3.3.3 Prediction of the effect of amino acid substitutions

The ALE mutation datasets supporting the conclusions of this article is available in the
following open-access archive repository: https://doi.org/10.5281/zenodo.5431595. These datasets
are also available in the ALEdb database (76).

Mutated DNA sequence data processing was performed using Python 3. The mutations
from ALEdb are described according to their experiment, evolution replicate, sample, and technical
replicate. Some evolutions include midpoint samples that could inflate the frequency a mutation is
observed. Unique ALE mutations were therefore only considered once per ALE. Starting strain
mutations and hypermutator samples were filtered out of the ALE experiment mutation datasets
according to their publications. Mutation needle plots were generated using the trackViewer R
software package (111). The visualizations for the 3D protein structures were generated using
the NGL software package (112). The software implementation of these actions is available in the
following open-access archive repository: https://doi.org/10.5281/zenodo.5431595.

Mutation effects were predicted according to multiple methods. Truncations were predicted
according to the potential effect of mutations on the function of start codons and their potential to
introduce a premature stop codon. The predicted deleterious effects of SNPs were assumed
according to significant SIFT (sorting intolerant from tolerant) scores (SIFT score <0.05) (88). The
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predicted structural destabilization effects of SNPs were assumed according to predicted significant
AAG scores (AAG>2) (89). SIFT and AAG scores were acquired from Mutfunc (113). Functional

annotations were acquired from UniProt (11) and Mutfunc.

3.3.4 DNA sequencing and RNA sequencing

A clone from the endpoints of evolved strains was picked for DNA sequencing and RNA
sequencing. The strains were grown in an M9 minimal medium supplemented with 4 g/l glucose.
Total DNA was sampled from an overnight grown culture and total RNA was sampled from a
culture at an Agoo ~0.6. Nucleic acid isolation, library preparation, and subsequent analysis were
performed as previously described (114). Briefly, genomic DNA was isolated using a Nucleospin
Tissue kit including treatment with RNase A. Resequencing libraries were prepared following the
manufacturer’s protocol using Nextera XT kit. RNA was isolated using the Qiagen RNeasy Mini
Kit following suggested protocol. Ribosomal RNA was removed using Illumina Ribo-zero kit and a
KAPA Stranded RNA-Seq Kit (Kapa Biosystems KK8401) was used to prepare sequencing

libraries. Sequencing was performed on an Illumina HiSeq and/or NextSeq.

3.3.5 Phenotype characterization

Phenotype characterization was performed using two independent biological replicates.
Samples for the substrate uptake and secretion rate were collected at regular intervals and filtered
using a 0.22 um filter (PVDF, Millipore). The measurements were performed using refractive index
detection by HPLC (Agilent 12600 Infinity) with a Bio-Rad Aminex HPX87-H ion exclusion
column. The HPLC method was the following: injection volume of 10 uL and 5 mM H>SO4 mobile
phase set to a flow rate and temperature of 0.5 mL/min and 45 °C, respectively. The phenotype

dataset was used for the aero-type classification of the strains as described previously (72).
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3.3.6 Metabolic flux mapping and estimation of H'/ATP value for ATP synthase

Flux mapping was done as previously described using a genome-scale model of metabolism
and protein expression (34). The same FoldME model was used for estimating the H'/ATP value
for ATP synthase within each ETS variant and replicates. The model was constrained with
phenotypic data (glucose uptake rate, acetate production rate) and expression data was layered on
using the same methods used for the flux mapping (34). In addition to these constraints, the
necessary ETS genes for each variant were knocked out. Proton pumping ratios from 2.5 to 4.5
were sampled by changing the stoichiometry of the ATPS4rpp reaction in the ME-model, and then
the proton pumping ratio was optimized so that the model produced a biomass dilution rate that

matched the experimentally determined growth rate.

3.3.7 ATS proteome allocation calculation

The same FoldME model was used for the proteome allocation calculation as the flux
mapping and ATP synthase estimation calculations. The model was constrained with phenotypic
data (glucose uptake rate, acetate production rate, growth rate) and expression data was layered on
using the same methods used for the flux mapping. Solutions from the fully constrained ME-
models were then used for calculating proteome allocation. Total proteome allocation for each

strain was calculated as follows:

Total Proteome Allocation = Z mw; x Vfransiation

1

pfranstation renresents the molecular weight and translation flux of the ith protein

Where mw; and

in the model. Total proteome allocated to the ATS was calculated as follows:

Proteome Allocated to ATS = z mw; x Vfransiation
i

where mw; and Vitranslatlon

represents the molecular weight and translation flux of the ith protein
in the ATS (209 genes total). The list of 209 ATS genes was generated based on Clusters of

Orthologous Groups (COG) and Gene Ontology (GO) categories to include as many relevant genes
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as possible to represent pathways involved in ATP production, then filtered to remove genes that
are never expressed in the multiple model simulations. Mass fraction of proteome allocation to the
ATS was calculated as a ratio of the two values for each strain.

Calculation of the total ATP produced by the ATS used the same fully constrained ME-
model. A list of all metabolic reactions associated with ATS genes was curated. Reactions that
consumed or produced ATP were noted and the stoichiometric coefficient associated with ATP was

used as a modifier for calculating the total ATP production as follows in Table 3.1.

Total ATP Production = Z Cp * Vimetabolic
i

where c¢; and V;¢t@Polc represents the ATP stoichiometric coefficient and the metabolic flux of

the ith ATS associated reaction in the Table 3.1.

Table 3.1: Reactions that consume or produce ATP and corresponding stoichiometric coefficient.

ATP
Reaction? coefficient
PPK -1
PPK2 -1
ATPS4rpp 1
PFK_2 -1
HEX1 -1
PYK 1
PFK -1
PPS -1
PGK -1
GLGC -1
PFK_3 -1
GART -1
PPAKr 1
ACCOAL -1
ACS -1
ACKr -1
SUCOAS -1

¥Reaction IDs with corresponding reactions in the BiGG Database (bigg.ucsd.edu).
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Total ATP Production/Total Proteome Allocated was calculated as a ratio of the total ATP

production to the mass fraction of proteome allocated to the ATS for each strain.

3.3.8 ATS transcriptome ICA decomposition

Independent component analysis was performed on an RNA-seq dataset with steps
described in (14). The only genes included in the dataset were those contained in the list of 209
ATS genes. The dataset consisted of all unevolved strains, uETS-1H through 4H, and all evolved
replicates eETS-1HA through eETS-4HD. Additionally, the unevolved and evolved wild-type
strains were included with the former being used as a reference to center the data. The final and

resulting dataset that was used for ICA contained 209 genes by 22 conditions.

3.3.9 Data and code availability
Resequencing and expression profiling data that support the findings of this study can be

accessed from NCBI Sequence Read Archive accession number PRINA835443 and Gene
Expression Omnibus accession number GSE202144 respectively. The PRECISE compendium and
all associated data files can be found at https://github.com/SBRG/precise2. Source data for the
figures can be found in Supplemental Tables B.2 and B.3 as well as in the uploaded RNA-seq
data.

The software scripts supporting the prediction of mutation effects to the encoding of genes
described in this article are available in the following open-access archive
repository: https://doi.org/10.5281/zenodo.5431595. All the simulations performed in this
manuscript can be reproduced using the FoldME model, which is constructed using the COBRApy
toolbox version 0.5.11 for constraint-based modeling and its extension for ME-models, COBRAme
version 0.0.9, ECOLIme version 0.0.9, and solveME, all publicly available on Github
(https://github.com/SBRG/ME-

script, https://github.com/SBRG/ecolime, https://github.com/SBRG/solvemepy). Custom code for
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constraining and solving ME-models can be found at https://github.com/SBRG/ME-script.

GraphPad Prism version 9.2.0 was used for generating the plots.
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3.5 Background

Energy conservation pathways and associated metabolic flexibility are critical for bacterial
physiology (115). The need for the indispensable energy carrier molecule, ATP, is met from several
metabolic locations in a cell, with oxidative phosphorylation facilitated by ETS being the primary
source. This diversity in energy generation pathways allows bacteria to thrive under various
environmental conditions by exploiting substrates that differentially feed into various metabolic
reactions. Such flux optimization to achieve robust growth physiology requires an interplay among

glycolytic, respiratory, and fermentative pathways.
58



The pathways’ interplay occurs at a level beyond the classical regulon. A set of gene groups
that are co-regulated in response to specific environmental stimuli or stress conditions may not be
regulated by a specific regulatory protein. Such co-regulated gene groups are referred to as
stimulons. This framework gained traction in the late 20th century, with early studies focusing on
bacterial shock responses and stress adaptations (116,117). However, the enthusiasm surrounding
stimulons waned in the early 2000s due to challenges related to clearly defining their boundaries,
their overlap with regulons, and the technical limitations of early transcriptomics (118,119). These
difficulties and a shift towards systems biology diminished their relevance.

Recent advancements in RNA-Seq, computational modeling, and integrative omics have
rekindled interest in stimulons by providing robust frameworks for their identification and analysis.
Modern studies have demonstrated the value of stimulons in understanding adaptive responses to
oxidative stress, nutrient deprivation, and other environmental challenges (120—-122). By leveraging
these technologies, researchers have begun to uncover novel aspects of bacterial physiology and
reestablish stimulons as valuable tools for metabolic research. The cellular bioenergetic network
has intricate regulatory features, which are difficult to discern solely based on the biochemical
properties or classical regulon concepts. In a genome-wide screening for ATP synthetic activity,
genes believed to function synergistically in supporting oxidative phosphorylation were proposed
to be regulated differently (123).

In a recent study, we performed adaptive laboratory evolution of four Escherichia
coli strains that differed in aerobic ETS composition and, thereby, in the number of proton(s)
pumped per electron received from NADH (35). We observed that regardless of the differences in
ETS efficiencies, the variants obtained similar growth rates on a minimal medium with glucose as
the carbon source by leveraging flexibility in ATP production reactions. We also observed that the

Aero-Type System (ATS), a generalized framework of the ETS with additional connecting
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bioenergetic pathways that we previously described (35), maintained a constant proteome
composition across E. coli strains with differing ETS efficiencies, highlighting its role in robust
bioenergetic adaptation. However, such bioenergetic equivalency may be limited to respiro-
fermentative metabolites like glucose. Despite glucose being a preferred growth-promoting
source, E. coli needs to survive on varying carbon sources (124). E. coli can exploit lipids, short-
chain fatty acids, amino acids, and nucleotides to meet carbon and energy requirements. Notably,
the microbiota produces abundant SCFAs, such as succinate, in the mammalian gut. The chemical
nature of the carbon source and the enzymatic composition of the cell determines the flux balance
of the catabolic energy generation pathways and anabolic biomass synthetic pathways. In this
study, we explore the systems optimization approaches of the ETS variants when supplied with
carbon sources that are metabolically more restrictive.

The defect in ETS would be less pronounced on glucose as substrate-level phosphorylation
can offset the ATP deficiency. We, therefore, evolved the ETS variants on a non-fermentable
carbon source, succinate, to exert strong selection pressure on ETS functioning (125). We also used
a fermentable but energy-poor substrate, glycerol, for a parallel evolution (126). Glucose undergoes
complete glycolysis, while glycerol enters at the midpoint of glycolysis, contributing to both
glycolysis and gluconeogenesis. In contrast, succinate is primarily directed towards
gluconeogenesis (Figure 3.4a-c). We then performed multi-scale computational analyses on the
growth rate-optimized strains. We observed (a) growth optimality on multiple carbon substrates, (b)
conservation of proteome allocation to the bioenergetic pathways of the ATS, irrespective of
carbon substrate or evolutionary conditions, (c¢) similar transcriptomic adjustments across seven
independent gene groups in all ETS variants studied, revealing an aerobicity stimulon, (d) genome-
scale models integrated with omics data identifying the ATS as central to bioenergetic genotype-

phenotype relationships, and (e) while glycerol did not require ETS-specific genetic changes,
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succinate-evolved strains acquired compensatory mutations. This study defines the aerobicity
stimulon, providing a novel perspective on how E. coli optimally utilizes its ATS across

phenotypes. Our findings also demonstrate how modern methodologies can illuminate and redefine

classical biological frameworks like stimulons.
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Figure 3.4: Impact of carbon source on ETS variants.

Metabolic flux routing of (A) glucose, (B) succinate, and (C) glycerol in E. coli central carbon
metabolism. Growth rate of ETS variants on (D) succinate and (E) glycerol as carbon source before
and after growth rate optimization by adaptive laboratory evolution. All laboratory evolutions were
performed with three independently evolving lineages. Panels D and E share their y-axis label. The
data from the final three flasks of evolution experiments were used to show the growth rates of
evolved strains. Different colors represent independently evolved lineages of each strain (Lineage
A: red circles, Lineage B: green squares, and Lineage C: blue triangles). [Acronyms-EMP:
Embden-Meyerhof-Parnas Pathway, ED: Entner-Doudoroff Pathway, oxPPP: Oxidative Pentose
Phosphate Pathway, TCA: Tricarboxylic Acid Cycle, gbp: D-Glucose-6-Phosphate, fop: D-
Fructose-6-Phosphate, 6pg: 6-Phospho-D-Gluconate, g3p: Glyceraldehyde 3-Phosphate, pep:
Phosphoenolpyruvate, pyr: Pyruvate, accoa: Acetyl-CoA, ru5p: Ribulose 5-Phosphate, r5p: Ribose
5-Phosphate, mal: Malate, glc: Glucose, succ: Succinate, glyc: Glycerol, WT: Wild Type, SMOS:

Succinate Minimal Media Optimized WT Strain, GlyMOS: Glycerol Minimal Media Optimized
WT Strain.]

61



3.6 Results and Discussion

3.6.1 ETS variants exhibit growth optimization and recover on multiple substrates

The ETS in E. coli consists of multiple dehydrogenases and reductases, allowing the
bacterium to adapt to aerobic and anaerobic environments (73). Previous studies have demonstrated
a regulatory hierarchy in E. coli, where oxygen represses anaerobic pathways, and nitrate further
suppresses alternative electron acceptors (71,73). Despite these controls, the co-expression of
multiple respiratory pathways has been shown to enhance flexibility in electron transport (71).
Interestingly, multiple electron flow routes exist for the same electron donor-acceptor pair-NADH
to oxygen. Despite the same starting and ending metabolic fate, electrons moving through these
alternate routes interact with different redox enzymes. Thus, the alternate routes have distinct
proton motive force generation abilities. This allowed us to genetically engineer four distinct ETS
variants translocating 1, 2, 3, or 4 protons per electron (designated ETS-nH, where n =1, 2, 3, or 4)
(35). Building on our prior work with glucose as a carbon source (Figure 3.4a), we extended this
framework to investigate the condition-specific performance of the ETS variants under succinate
(Figure 3.4b) and glycerol (Figure 3.4¢) metabolism—two carbon sources with distinct metabolic
and bioenergetic profiles.

Analyzing the growth phenotype of the unevolved strains (called uETS) reveals that the
uETS variants grown on succinate exhibited growth rates clearly associated with their H'/e” value,
with the lowest H'/e” strain, uETS-1H, experiencing the most significant growth retardation
(Figure 3.4d). This growth pattern confirms the metabolic restriction imposed by non-fermentable
carbon sources. In contrast, the glycerol strains showed similar growth rates with no apparent
association to their H'/e” value (Figure 3.4e). For a detailed systems biology study, we started by

performing adaptive laboratory evolution (ALE) of the ETS variants in the two media types in oxic
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conditions to optimize their growth. The evolved variants, designated as eETS-nHm, were indexed
by their replicate endpoints (m = A, B, C). The evolution continued until growth rates stabilized.
Similar to the glucose evolutions, despite differences in proton-pumping capacities, all four ETS
variants on glycerol ultimately converged on a similar optimized growth rate across replicates
(Figure 3.4e), whereas they acquired different optimized growth rates on succinate (Figure 3.4e).
ETS-1H, with the lowest ETS efficiency, failed to match the growth rates of the other variants,
while ETS-4H acquired the highest growth rate.

Previously, we established a method to categorize E. coli phenotypes into aero-types, a
quantitative descriptor reflecting cellular respiratory activity and proteome allocation patterns (72).
Aero-types are defined by the multimodal distribution of the proportion of total ATP generated via
ATP synthase, influenced by the discrete utilization of ETS enzymes, essentially capturing the
aerobicity state of the cell. This classification revealed a non-uniform distribution of growth
phenotypes within the rate-yield plane, which could be broadly partitioned into distinct aero-types
through sampling simulations. In this study, we applied the aero-type framework to assess the
fitness distribution across the ETS variants.

In the previous glucose evolutions, the aerobicity of the evolved strains followed a distinct
ranking, with ETS-2H and ETS-4H demonstrating higher aerobic capacities while ETS-3H and
ETS-1H exhibiting lower. Specifically, the aerobicity increased as follows: ETS-1H < ETS-3H <
ETS-2H < ETS-4H (35). Notably, the same hierarchy in aerobicity is preserved when examining
the evolved strains grown on succinate (Figure 3.5a) and glycerol (Figure 3.5b), suggesting that

the differences in aerobicity are inherently linked to the specific ETS complexes.
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Figure 3.5: Rate yield planes of ETS variants on each carbon source showcase their different
aerobic potentials.

Scatter plots of (A) succinate and (B) glycerol uptake versus biomass yield enable aero-type
classification and comparison. Broken gray lines show growth rate isoclines. ETS variants stratify
the aero-type spectrum similarly to the strains grown previously on glucose.

3.6.2 Aero-Type System describes convergence in ETS variants’ diverse growth optimization

To understand the observed aerobicity patterns, we employed computational models to
validate and further explore the bioenergetic behavior of the ETS variants. Specifically, we used
metabolite exchange rates, growth rates, and transcriptomics data as constraints for metabolism and
expression models (ME-Models) (Supplemental Table C.6 and C.7) (6). These genome-scale
metabolic models, which incorporate translation and transcription machinery, allow for the analysis
of metabolic flux and proteome allocation (127,128). By applying this approach, we generated
strain-specific ME-Model solutions for each ETS variant grown on succinate and glycerol.

Analysis of quinone fluxes across the ETS variants revealed a clear association between
complex usage and aerobicities (Figure 3.6a). The WT strain, which lacks any knockouts,
predominantly utilized NDH-I and CYO, a combination that supports high proton-pumping

efficiency and is reflective of its high aero-type. In contrast, the ETS variants were constrained by
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their engineered knockouts, which dictated their complex usage. For instance, ETS-4H and ETS-
2H leveraged NDH-I or NDH-II with CYO, reflecting moderately high aero-types. On the other
hand, ETS-3H and ETS-1H, which lacked CYO, relied on bd-type oxidases (CYD/CBD) and
menaquinones. This aligns with literature indicating that ubiquinone is the primary quinone utilized
under aerobic growth conditions, whereas menaquinone predominates under more anaerobic
conditions (129). These observed associations between complex usage and aerobicities highlight
how specific combinations of dehydrogenases and oxidases contribute to respiratory efficiency and
the bioenergetic state of the cell. These complex usage preferences and their association with
aerobicities persist across our previous glucose study, reinforcing the robustness of the observed

relationships.
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Figure 3.6: Omics-constrained ME models of ETS variants reveal key characteristics of how

strains readjust their bioenergetics.

(A) Quinone flux maps for unevolved and evolved ETS variants. Ubiquinones are in the top loop
(q8h2_c and g8 c¢), while menaquinones are in the bottom loop (mql8 c and mqn8 c). Reactions
are labeled 1 through 6 and are Formate Dehydrogenase (FDH), NADH Dehydrogenase I (NDH-I),
NADH Dehydrogenase II (NDH-II), Cytochrome bo3 (CYO), Cytochrome bd I (CYD),
Cytochrome bd II (CBD), respectively. (B) Calculated proteome allocation (left y-axis) and flux
through ATP Synthase (right y-axis) for all of the ETS variants. (C) Stacked bar charts of the
fraction of total ATP from ATP-producing reactions for all ETS variants. uXH: unevolved X
protons per electron ETS variant, eXH: evolved X protons per electron ETS variant, SUCOAS:
Succinyl-CoA synthetase, ACKr: Acetate kinase, PGK: Phosphoglycerate kinase, ATPS4rpp: ATP

Synthase.
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Interestingly, NDH-I, despite its molecular mass being approximately 10 times greater than
NDH-II (95), plays a critical role in optimizing ETS efficiency. While NDH-II enables high-
turnover electron transfer and alleviates PMF buildup for rapid growth (97), our findings suggest
that NDH-I is more integral for a fully optimized ETS. Similarly, CYO emerged as the most
important for ETS efficiency among oxygen reductases, outperforming bd-type reductases CYD
and CBD. These preferences for NDH-I and CYO at higher aero-types align with results from a

study that modeled 2,200 different phenotype-genotype combinations (72).

Further analysis revealed the activity of formate dehydrogenases (FDHs) varied with
aerobicity. In the unevolved glycerol strains, FDH-O was active in the more aerobic ETS-4H and
ETS-2H strains, while FDH-N was utilized in the less aerobic ETS-3H and ETS-1H strains. This 1s
consistent with prior studies showing that FDH-O expression is upregulated under aerobic

conditions, whereas FDH-N is induced in anaerobic environments (130,131).

Analyzing the proteome allocation to the ATS across all strains reveals a consistent
distribution, with the models allocating an average of 0.14 proteome fraction (std = 0.027),
regardless of growth rate or ATP production via ATP synthase (Figure 3.6b). This finding aligns
closely with data from our in-house proteomic expression profiling compendium (n = 162 samples,
mean = 0.19, std = 0.027) (Supplemental Figure C.1) (132). A similar trend of a consistent
proteome was observed in our previous glucose study, further emphasizing the remarkable
plasticity of the ATS. Despite this conserved proteome allocation, the strains exhibit different ATP
production distributions (Figure 3.6¢), with higher aero-type strains relying more heavily on ATP

synthase and less on fermentative pathways.
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3.6.3 Transcriptomic adjustments consistency revealing an aerobicity stimulon

We sought to determine whether specific gene groups could explain the shifts in
aerobicities, or aero-types, observed across samples. To investigate this, we utilized iModulon
analysis and our comprehensive in-house RNA-seq expression profiling compendium (n = 1,035
samples)(13,14). iModulon analysis employs Independent Component Analysis (ICA), a blind
source signal separation algorithm, to decompose RNA-seq expression data into two matrices. The
first matrix identifies independently modulated groups of genes, referred to as iModulons (n =201
iModulons), while the second quantifies the activity levels of each iModulon across all samples in
the dataset.

A correlation matrix for all 201 iModulon activities across the 1,035 samples in our
compendium was constructed (Supplemental Figure C.2). Hierarchical clustering of this matrix,
followed by thresholding, identified a small number of iModulons with coordinated activities or
significant correlations across all of our data. When we overlaid metadata such as the glucose,
succinate, and glycerol ETS specialists, along with anaerobic samples from our compendium, we
observed that one iModulon cluster distinctly aligned with shifting aerobicities (Figure 3.7a). All
scatter plots can be found in Supplemental Figure C.3. This cluster, which includes seven
seemingly unrelated iModulons, emerged as the largest and most robust cluster in the thresholded

correlation matrix.
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Figure 3.7: Interoperating multi-omics data and computational biology tools for discovery and
validation.

(A) Scatter plots of two iModulon’s Activities from our in-house transcriptome compendium
(12,14) with all glucose, succinate, and glycerol ETS variants labeled. Anaerobic samples are
labeled as well to highlight the aerobicity directionality. All other samples in the compendium are
colored gray. (B) Scatter plots of proteome allocation iModulon mass fractions derived from ME
Model simulations where the translation flux of ArcA iModulon genes is iteratively increased,
starting with the Wild Type flux. Points are colored by the fraction of total ATP generated through
ATP synthase (fATPS), which is a calculation of Aero-Type.

These seven iModulons—ArcA, NtrC-1, Acetate, Fatty Acid, Glutarate, Glycolate, and
Putrescine—represent a unified transcriptional response to increasing aerobicities, collectively

forming what we term the aerobicity stimulon. Remarkably, the stimulon was consistently
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observed across all three substrates studied as well as our entire transcriptomic compendium (n =
1035), highlighting its substrate-independent and genotype/phenotype-agnostic role in coordinating
the metabolic and bioenergetic adaptations required for scaling aerobicity. The ArcA iModulon,
associated with the transcription factor ArcA, encompasses genes involved in aerobic growth,
including those encoding ETS complexes (133). The NtrC-1 iModulon, regulated by NtrC, contains
genes from the major arginine degradation pathway in E. coli, the arginine N-succinyltransferase
(AST) pathway (134). The Acetate iModulon includes genes for acetate uptake and catabolism,
while the Fatty Acid iModulon features the fatty acid degradation (fad) genes and is regulated by
FadR (135). The Glutarate iModulon is associated with the 4-aminobutanoate (GABA)
transport/catabolism genes gabDTP (136). The Glycolate iModulon comprises

the glcDEFGBA operon, responsible for glycolate transport and catabolism, and is regulated by the
transcription factor GIcC (137). Lastly, the Putrescine iModulon includes genes for putrescine
transport and catabolism, organized in the puuDRCBE and puuAP operons under the regulator
PuuR (138).

A ME-Model was used to computationally validate the relationships among the seven
iModulons. By constraining a wild-type E. coli model with increasing levels of translation flux to
ArcA iModulon genes, we observed a corresponding increase in proteome allocation to the other
six iModulon gene sets (Figure 3.7b). Notably, the Putrescine and Acetate iModulons exhibited
coordinated behavior, as did Glycolate and NtrC-1. Furthermore, as these iModulons increased in
mass fraction, their aero-type also rose, effectively recapitulating the transcriptomic relationships
linked to increasing aerobicities observed in Figure 3.7a.

The underlying biological significance of the aerobicity stimulon is further revealed through

its integration with metabolic networks. A network map of these iModulons reveals extensive
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interconnections and strong links to energy metabolism, revealing their role in effectively scaling

aerobicities (Figure 3.8).
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Figure 3.8: Knowledge-enriched transcriptomic data analytics and computational modeling of
metabolic fluxes and proteome allocation elucidate an aerobicity stimulon.

A network map of the seven iModulons highlighted in Figure 3.7 shows their intricate
interconnections. These iModulons exhibit a highly coordinated increase in transcriptomic activity
as the cell transitions to aerobic conditions. Genes are labeled in gray next to their corresponding
arrow. Labeled metabolites are highlighted in black. Quinones are colored in red (QH2: reduced, Q:
oxidized), and electron carriers are labeled in orange. NDH-I: NADH Dehydrogenase I, NDH-II:
NADH Dehydrogenase II, CYO: Cytochrome bo3, CYD: Cytochrome bd I, CBD: Cytochrome bd
II, AKG: 2-oxoglutarate, GABA: 4-aminobutanoate, G3P: Glyceraldehyde 3-Phosphate.

The metabolic network analysis reveals multiple nodes with high connectivity among the
iModulons, including GABA, succinate, and acetyl-CoA. Notably, the acetate/glycolate
symporter, actP, appears in the Acetate iModulon, while a different symporter, glcA, is present in
the Glycolate iModulon. Both the Putrescine and Glutarate iModulons degrade GABA using

succinate-semialdehyde dehydrogenases (puuC and gabD, respectively); however, puuC generates
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NADH, whereas gabD produces NADPH. The Putrescine and NtrC-1 iModulons connect through
agmatine and agmatinase, with Putrescine and Arginine degradation pathways converging to
produce succinate. Each iModulon contributes intermediates to the TCA cycle and generates an
electron carrier, with the exception of the Acetate iModulon. Furthermore, the Fatty Acid and
Glycolate iModulons also produce reduced quinones. Collectively, these intermediates and
byproducts enhance the expression of ETS-related genes in the ArcA iModulon, further linking
these pathways to aerobic metabolism.

The metabolic complexity and functional interdependencies revealed by this analysis
demonstrate that the ETS does not operate in isolation. Instead, it integrates with broader metabolic
pathways to enable a systems-level adjustment within the ATS. This alignment of transcriptional
responses with respiratory state highlights the critical role of the aerobicity stimulon in bioenergetic

optimization.

3.6.4 Genetic changes enabling growth optimization

Phenotypic gains have an underlying genetic basis. We wanted to examine if specific
genetic changes supported the growth improvement of the ETS variants on succinate and glycerol
as carbon sources. We observed three categories of mutations in the evolved strains: (1) mutations
permitting growth-supportive cellular resource optimization, (2) mutations influencing ETS
functioning, and (3) mutations influencing specific carbon-source uptake or retention.

There are several well-characterized mutations known to improve the growth rate of E.
coli on minimal media. The most commonly observed mutations are related to RNA polymerase
and Orotate phosphoribosyltransferase (PyrE). These mutations optimize growth-supportive
cellular resources either by global transcriptional changes or by alleviating strain-specific metabolic
deficiency (77,139). We frequently found fixation of these mutations in the strains evolved on a
minimal medium containing either of the carbon sources.
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Figure 3.9: Mutations acquired during growth optimization of the ETS variants on succinate and
glycerol.

(A) A general scheme for the three major categories of mutations observed. Category 1 mutations
are frequently observed during ALE on minimal media and are responsible for supporting growth-
supportive cellular resources (77). Category 2 mutations bring about compensatory transcriptional
changes in ETS components. Category 3 mutations influence either carbon source uptake (3.1) or
cellular retention (3.2). (B) Heatmap showing the presence or absence of the three major categories
of mutations in strains evolved on minimal medium containing either succinate or glycerol as
carbon sources. eWT corresponds to SMOS and GlyMOS for the evolution of WT on succinate and
glycerol as carbon sources, respectively. Details of the mutations are listed in Supplemental
Tables C.4 and C.5.

The need to exploit succinate for metabolic needs resulted in the selection of mutations
targeting the C4-dicarboxylate transport system (140). Two common mutations that we observed
were in dctA, a proton motive force-dependent dicarboxylate transporter, and its transcriptional
regulator, dctR. Such mutations are reported to improve the succinate transport capacity (141). We
also observed mutations in dcuB and dcuD, other families of succinate transporters. Interestingly,
the WT copy of dcuD is believed to be a silent gene due to its transcriptional dormancy (140). In a

previous study, every E. coli lineage evolved on a minimal medium containing glycerol acquired
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mutations in the glycerol kinase gene (g/pK), the rate-limiting enzyme in glycerol metabolism
(142). We observed similar mutations in glpK in every ETS variant evolved on glycerol as the
carbon source.

The two ETS variants, ETS-1H and ETS-2H, evolved on succinate acquired mutations
influencing the expression of type Il NADH dehydrogenase (Ndh; NDH-II) (143). Notably, these
variants have lower ETS efficiency due to the absence of proton-pumping type I NADH
dehydrogenase (Nuo; NDH-I). Pyruvate dehydrogenase regulator (PdhR) represses the expression
of type Il NADH dehydrogenase by binding to the PdhR box upstream of the gene ndh. The
mutations in this region can alleviate the repression, resulting in the required upregulation of ndh.
Two eETS-4H strains that evolved on succinate did not acquire category-3.1 mutations, suggesting
that these strains’ inherent high ETS efficiency alleviates any stress on cellular energy generation
pathways. However, the utilization of glycerol as the carbon source did not impose selection
pressure on the ETS.

The findings presented here underscore the remarkable adaptability of the bacterial ETS and
its associated metabolism when subjected to environmental and genetic perturbations. Engineered
strains with unbranched ETS pathways demonstrated their ability to rewire metabolic networks and
achieve near-optimal growth rates by leveraging diverse bioenergetic strategies. The observed
plasticity of the ATS across multiple substrates highlights its role as a unifying framework for
understanding bacterial respiratory flexibility. By enabling E. coli to maintain energy homeostasis
through alternate optimal states, the ATS reveals how bacteria adapt their metabolic and respiratory
strategies to accommodate specific constraints.

The identification of the aerobicity stimulon adds a novel dimension to this understanding,
demonstrating how transcriptional networks contribute to bioenergetic optimization. By combining

iModulon analysis with genome-scale metabolic and expression models, this study provides a
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detailed view of the systems-level adaptations that underpin metabolic resilience. These findings
not only deepen our knowledge of bacterial physiology but also establish the ATS as a
generalizable descriptor of aerobic bioenergetics, capturing the inherent plasticity and evolutionary

versatility of respiration.

3.7 Methods

3.7.1 Strain generation and adaptive laboratory evolution

The unevolved Escherichia coli K12 MG1655 ETS variants used in this study are from the
previous project (35,72). Three independent lineages of each ETS variant were evolved on two
separate M9 minimal media preparations, one with glycerol (0.2%) and another with succinate (2

g/1) as the carbon source. Adaptive laboratory evolution was performed as described in previous

work (35).

3.7.2 DNA sequencing and RNA sequencing
A clone from the evolved strains was used for DNA and RNA sequencing. Total DNA was

extracted from an overnight grown culture, and total RNA was extracted from a culture at an A600
~0.6. DNA isolation, library preparation, and subsequent analysis were performed as previously
described (114). RNA isolation was performed using the Qiagen RNeasy Mini kit (Cat. No. 74104),
following the manufacturer’s protocol of “enzymatic lysis of bacteria.” Ribosomal RNA was
removed using the NEBNext rRNA depletion kit Bacteria (Cat. no. NEB E7850X), and cDNA
libraries were constructed using the NEBNext Ultra II Directional RNA Library prep kit for

[lumina (Cat. no. E7760L).

3.7.3 Phenotype characterization

Exometabolites were estimated from the culture media. Samples were filtered through a
0.22 um filter (PVDF, Millipore) and measured using refractive index detection by HPLC (Agilent

1260 Infinity) with a Bio-Rad Aminex HPX87-H ion exclusion column. The HPLC method was the
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following: injection volume of 10 pL and 5 mM H>SO4 mobile phase set to a 0.5 mL/min flow rate
at 45°C. The phenotype dataset was used for the aero-type classification of the strains as described

previously (72).

3.7.4 Omics-constrained metabolism and macromolecular expression modeling

The ATS proteome allocation calculation employed here follows the same protocol
described in Anand et al. 2022 (35). Full details of the procedure, including ATS proteome
allocation calculations, ATP generation reaction fluxes, and metabolic flux mapping, can be found
in the cited publication. Minor modifications include using succinate or glycerol uptake rate as a
constraint rather than glucose uptake rate. Additionally, the following BiGG metabolic reactions
were used for identifying the quinone ETC fluxes (144): NADH16pp, NADHS, CYTBO3 4pp,

CYTBDpp, NADH17pp, NADH10, CYTBD2pp, FDH4pp, and FDH5pp.

3.7.5 iModulon correlation analysis

iModulon analysis was performed using the iModulon framework (12,14). This platform
applies Independent Component Analysis (ICA) to decompose RNA-seq data into iModulons,
which represent independently regulated gene sets. Activity scores for 201 curated iModulons were
calculated across 1,035 transcriptomic samples and are available in our PRECISE-1K compendium
(12,14).

Correlation analysis was conducted on the iModulon activities to identify coordinated
independent transcriptional modules. Pairwise Spearman correlations were computed to generate a
correlation matrix, which was then hierarchically clustered to identify groups of iModulons with
significant co-regulation. Varying thresholding distances of the matrix defined robust clusters,
including the seven iModulons that formed the aerobicity stimulon. These clusters were cross-
referenced with experimental metadata to assess their relevance to aerobicities. For each iModulon

pair within this cluster, activity scores across all samples in the PRECISE-1K compendium were
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scatter-plotted, with ETS variants grown on the three substrates and anaerobic samples overlaid for
comparison. The anaerobic samples are: plk 00175, plk 00176, plk 00073, and plk 00074.

3.7.6 iModulon constrained ME modeling and analysis

ME modeling was used to investigate the impact of increasing fluxes through ArcA
iModulon-associated genes on proteome allocation. Simulations were initiated using wild-type
(WT) flux values derived from a strain growing with glucose as the carbon source. The fluxes
associated with ArcA iModulon genes were progressively increased in increments of 2.5% relative
to the WT flux, up to a maximum of 10% of WT flux, in rich media.

For each simulation step (WT, 1.025 * WT, 1.05 * WT, 1.075 * WT, and 1.010 * WT), the
ME model calculated the proteome fraction allocated to the seven iModulons comprising the

aerobicity stimulon. Total proteome allocation for each iModulon was calculated as follows:

Total Proteome Allocation = Z mw; x Vtranstation

l

and V;franstation represents the molecular weight and translation flux of the ith

Where mw;

protein in the model.

3.7.7 Data and code availability

New transcriptomics accession codes for DNAseq SRA accession number:
PRINA1235627; RNAseq GEO accession number: GSE291717. Old transcriptomics accession
codes: GEO accession number GSE202144. The full PRECISE 1k decomposition matrices are
available at https://github.com/SBRG/preciselk. Raw RNA-seq data used in PRECISE1k have
been deposited at GEO and are publicly available. Accession numbers are listed in the metadata file
located in the GitHub repository at the path: data/preciselk/metadata qc.csv.

All the simulations performed in this manuscript can be reproduced using the FoldME
model, which is constructed using the COBRApy toolbox version 0.5.11 for constraint-based

modeling and its extension for ME-models, COBRAme version 0.0.9, ECOLIme version 0.0.9, and
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solveME, all publicly available on Github

(https://github.com/SBRG/cobrame, https://github.com/SBRG/ecolime, https://github.com/SBRG/s
olvemepy) (6,145). Custom code for constraining and solving ME-models can be found

at https://github.com/SBRG/ME-script. Code for our Independent Component Analysis pipeline
can be found on GitHub

(https://github.com/SBRG/iModulonMiner, https://github.com/SBRG/preciselk), as well as code

for all iModulon analysis (https://github.com/SBRG/pymodulon) (146).
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Chapter 4. Integration of multi-omic knowledge-enriched data and
computational tools across diverse case studies

The previous chapters established how knowledge-enriched data analytics and mechanistic
modeling can each reveal distinct dimensions of cellular physiology: omics analyses capture the
emergent structure of regulation and proteome allocation, while genome-scale ME models translate
those insights into quantitative predictions of growth, fluxes, and protein costs. This chapter
synthesizes a series of collaborative studies that demonstrate how these approaches can be
combined across diverse biological contexts. Each study integrates experimental data, omics
measurements, or independently derived knowledge constraints with mechanistic modeling to
generate systems level insights that neither approach alone could achieve.

Together, these case studies illustrate a general principle of interoperability; the ability of
ME models to exchange information with external data and analytics frameworks in a structured,
quantitative manner. They encompass physiological trade-offs, environmental adaptations, and
multi-scale regulatory responses spanning transcriptomics, proteomics, and metabolism. In each
instance, ME modeling served as a quantitative backbone to interpret large datasets, evaluate
proteome allocation, and assess how regulatory or environmental perturbations reshape cellular
resource distribution.

These collaborative efforts also demonstrate how the interoperability framework developed
throughout this dissertation generalizes to new organisms, stress conditions, and modeling
paradigms. Across the following sections, mechanistic models were used to (i) reconstruct
transcriptomic trade-offs between stress and growth, (ii) evaluate oxidative-stress tolerance
mechanisms through integrative modeling, (iii) quantify proteome reallocation during high-density
cultivation, (iv) assess energy-metabolism extensions such as extracellular electron transfer, (v)

constrain ME-model predictions using omics-derived nutrient-response patterns and (vi) analyze
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flux and proteome reallocation to strain with a knockout before and after evolution. Collectively,
they show that combining omics-based knowledge enrichment with constraint-based mechanistic
reasoning provides a coherent language for studying proteome allocation and stress physiology

across scales.

4.1.1 The hallmarks of a trade-off in transcriptomes that balances stress and growth
functions

The E. coli transcriptome exhibits a fundamental trade-off between stress preparedness and
growth optimization. This study quantified that balance using iModulon analysis and tested its
mechanistic basis through genome-scale metabolism and expression model simulations.

Maintaining optimal fitness in microorganisms requires navigating trade-offs in resource
allocation (147). Expression profiling has shown that increasing ribosomal content (“greedy”
genes) increases growth rate, while decreasing expression of stress-response (“fearful””) genes is
highly correlated with faster growth (147). Thus, the fear-greed (f/g) trade-off emerges as a key
feature of transcriptome reallocation, in which cells that favor rapid growth face the cost of
diminished responsiveness to stress (85).

The /g trade-off was demonstrated as a property of the E. coli transcriptome through a data-
driven approach defining independently modulated gene sets, termed iModulons (13). The trade-off
is characterized by the strong negative correlation between the activity levels of the RpoS (fear)
and Translation (greed) iModulons. This relationship involves competition between housekeeping
and stress sigma factors (RpoD and RpoS), the stringent-response mediators ppGpp and DksA, and
other regulatory mechanisms that act through RNA polymerase (RNAP) (148—-150).

Further studies revealed that this transcriptomic allocation pattern is evolutionarily
adjustable. In adaptive laboratory evolution (ALE) experiments, selection for rapid growth
repeatedly yields RNAP mutations that shift expression toward greed (13,32,151-154). RNAP is

one of the most frequent mutational targets during ALE (76), with variants arising across multiple
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structural domains (155-163). The transcriptional impact of these mutations far from the catalytic
core was unclear prior to this work. Here, a multi-scale analysis was used to examine how twelve
distinct RNAP point mutations affect global expression and resource allocation.

RNAP mutations were introduced into the E. coli K-12 MG1655 genome using CRISPR-
based genome editing. RN A-seq analysis under aerobic growth on glucose M9 medium revealed
that eleven of twelve mutations increased growth rate and caused a shift toward greed in the
transcriptome. Structural modeling using PyRosetta (164) showed that many of these mutations
destabilize the rpoB—rpoC interface, affecting the ppGpp-binding region (158).

All tested mutations led to down-regulation of stress-associated genes and up-regulation of
translation-associated genes. iModulon analysis of the new transcriptomes confirmed that
mutations in diverse structural regions produce similar regulatory outcomes: the RpoS iModulon
activity decreased, while the Translation iModulon activity increased, reflecting the classic f/g
trade-off. This convergence suggests that distinct molecular perturbations of RNAP channel the
transcriptome toward a common resource-allocation state favoring growth over stress readiness
(Figures 1-2 in Dalldorf et al.).

While transcriptomic analysis revealed relative shifts in iModulon activity, the magnitude of
corresponding proteomic changes required quantitative modeling. A genome-scale ME model (94)
was therefore deployed to reproduce the f/g trade-off and infer absolute proteome composition
during this transition.

Simulations were run to maximize growth while constraining reactions associated with the
RpoS iModulon to specified lower bounds. The resulting proteomic mass fractions for the RpoS
and Translation iModulons were highly anti-correlated (-0.9994), indicating that as cells invest less
in stress readiness, translational capacity expands nearly proportionally. A unit increase in

Translation iModulon activity produced a ~650% stronger effect on its proteome fraction than on
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the RpoS fraction, implying that small transcriptional shifts yield large phenotypic consequences.
The model also predicted that forced expression of stress-response genes reduces growth-related
protein synthesis, mirroring experimental observations (Figure 4.1).

These results show that the ME model framework quantitatively captures the proteome-
allocation basis of the transcriptomic fear-greed axis. Integrating omics-derived iModulon
constraints with mechanistic modeling thus bridges observed regulatory variation to its proteomic
and energetic costs.

This multi-scale analysis establishes that small genetic perturbations in RNAP can
reprogram transcriptome allocation along a conserved fear-greed axis. The combined use of
iModulon analytics and proteome-constrained ME modeling provides a mechanistic foundation for
interpreting such global trade-offs. The study further illustrates how expression-state
decomposition can be interoperable with mechanistic modeling frameworks, forming a blueprint
for the integrative approaches developed throughout this dissertation.
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Figure 4.1: ME-model simulation of the fear-greed trade-off.

FoldME predictions showing anti-correlated proteome mass fractions of the RpoS (fear) and
Translation (greed) iModulons under varying lower-bound constraints on stress-associated
reactions (adapted from Dalldorf et al., 2023, Supplemental Figure 2) (165).
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4.1.2 Methods

4.1.2.1 iModulon Computation

RNA-sequencing data was used to create iModulon activity levels of the mutated strains
using PyModulon which is available at https://github.com/SBRG/pymodulon (13). Activities of
iModulons were compared to samples from PRECISE 2.0 (14) which is easily accessible using

iModulonDB (24)https://pmc.ncbi.nlm.nih.gov/articles/PMC10120744/ - R33.

4.1.2.2 Metabolic Model and Proteomic Calculations

The FoldME (166) model was used for the metabolic modeling calculations. Figure 4.1 was
generated by iteratively increasing the lower bounds for the genes of the RpoS iModulon and
recording the proteomic mass fraction of the Translation and RpoS iModulons’ genes until the
model no longer ran. Proteome mass fraction to iModulon genes is the sum of the measured
proteomic mass fractions of each enriched gene in an iModulon. This value is calculated for every
sample and plotted against its corresponding PRECISE iModulon Activity. The proteomic
calculations performed for this paper are well described in Patel et al

(132)https://pmc.ncbi.nlm.nih.gov/articles/PMC10120744/ - R49.

4.1.3 Acknowledgments
This work was supported by The Novo Nordisk Foundation (NNF) Center for

Biosustainability (CfB) at the Technical University of Denmark (NNF20CC0035580), National
Institutes of Health Grant RO1 GM057089, and the Y.C. Fung Endowed Chair in Bioengineering at
the University of California San Diego. We would like to thank Marc Abrams (Systems Biology
Research Group, University of California San Diego) for assistance with paper editing and José

Utrilla (Center for Genomic Sciences, UNAM) for help with historical context.

83



C.D., and B.O.P. designed the study. R.S., and Y.H. performed experiments. K.R., B.O.P.,
C.D, and A.P. analyzed the data. C.D., and B.O.P. wrote the manuscript with contributions from all
other co-authors.

This section of Chapter 4, in part, is a reprint of the material published in mSystems:

Dalldorf, Christopher; Rychel, Kevin; Szubin, Richard; Hefner, Ying; Patel, Arjun;

Zielinski, Daniel C; Palsson, Bernhard O (2024). The hallmarks of a tradeoff in

transcriptomes that balances stress and growth functions. mSystems, 9(7), e00305-24.

The dissertation author was the fifth author of this material.

4.2.1 Laboratory evolution, transcriptomics, and modeling reveal mechanisms of
paraquat tolerance

Oxidative stress imposes one of the most pervasive selective pressures in aerobic
organisms. Paraquat, a redox-cycling compound that generates superoxide radicals, provides a
controlled framework for studying how Escherichia coli reorganizes its transcriptome, proteome,
and metabolism to mitigate reactive oxygen species (ROS) damage (167—-169). In this study, multi-
scale laboratory evolution and modeling approaches were combined to identify molecular
mechanisms underlying paraquat tolerance and to quantify their proteomic and metabolic
consequences.

Independent adaptive-laboratory-evolution (ALE) lines were propagated in M9-glucose
minimal medium containing paraquat to induce chronic oxidative stress (170). End-point
populations exhibited increased growth rate relative to their ancestors and convergent mutations in
genes associated with redox homeostasis, transcriptional regulation, and central carbon metabolism.

RNA-sequencing of evolved clones revealed reproducible global expression changes
captured through iModulon analysis. Activities of SoxRS, OxyR, and Fur iModulons increased
sharply, reflecting up-regulation of superoxide dismutase, catalase, and iron-sequestration systems.

In contrast, translation-related iModulons decreased in activity, consistent with a resource shift
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from growth to protection. The modular decomposition highlighted a coordinated reallocation of
transcriptional programs forming a quantitative description of oxidative-stress physiology.

To move beyond correlative transcriptomic patterns, a proteome-resolved ME-model
framework (OxidizeME) (171) was applied to compute the quantitative cost of reactive-oxygen-
species (ROS) damage and repair. The model explicitly represents iron—sulfur clusters,
metalloproteins, and oxidative-damage pathways, allowing simulation of protein inactivation and
repair fluxes under varying stress intensities.

Simulations constrained by experimental proteomic data reproduced the observed proteome
reallocation between functional and damaged sectors (Figure 4.2). The model captured the
redistribution of protein investment from biosynthetic and translational machinery toward
detoxification, repair, and maintenance functions as paraquat stress increased. These predictions
agreed with measured enzyme abundances and growth recovery following paraquat exposure,
confirming that oxidative damage can be mechanistically encoded as an explicit constraint in
genome-scale ME models.

The integration of in vivo omics measurements with in silico oxidative-damage accounting
established a direct, quantitative mapping between stress-induced transcriptomic changes and
proteome-allocation shifts. The same framework accurately predicted experimentally measured
differences in enzyme abundances and growth recovery following paraquat exposure, confirming
that ROS damage can be mechanistically encoded as an explicit constraint in genome-scale ME
models.

Model-guided analysis revealed that oxidative tolerance arises from a composite of
mechanisms: (i) reduction of intracellular redox cycling through down-regulation of electron-leak
pathways; (i1) enhanced turnover of oxidized proteins; and (iii) proteome investment rebalancing

from biosynthetic machinery to maintenance functions. This systems-level view reconciles the
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trade-off between aerobic growth efficiency and stress robustness, an extension of the allocation
principles introduced in the previous section.

Together, these results illustrate how coupling transcriptomic decomposition with ME-
modeling frameworks such as OxidizeME enables mechanistic quantification of stress adaptation.
The interoperable workflow (omics input, modular analysis, and proteome-constrained simulation)

provides a blueprint for linking observed regulatory responses to their underlying biochemical and

energetic costs.
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Figure 4.2: Proteome reallocation under oxidative stress.

Experimental and OxidizeME-predicted partitioning of functional and damaged proteome fractions
in E. coli evolved for paraquat tolerance. A) Aero-type plot computed from experimental growth
rates and glucose uptake rates. B) Flux differences comparing the starting strain and one evolved on
high paraquat. C) Distribution of TCA cycle fluxes. D-E) Damage to TCA cycle enzymes and
NADH production decreases under ROS stress (adapted from Rychel et al., 2023, Fig. 6C-G)
(172).

4.2.2 Methods

4.2.2.1 ME Modeling

We used OxidizeME, a genome-scale model of metabolism and expression (ME) with ROS
damage responses (171). Models used for flux maps were constrained using phenotypic data
(glucose uptake rate and growth rate) and expression data as previously described (34,35). In order
to force PQ cycling in the model, the lower bounds for the

‘PQ2RED_FWD FLAVONADPREDUCT-MONOMER mod fad’ and ‘PQIOX FWD SPONT’
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were set to the same non-zero value and iterated over. Additionally, the former reaction was
amended to accept NADH as an electron donor by editing the stoichiometry. PQ cycling sweeping
calculations were performed by sampling various lower bounds to identify the range the model
could support growth, and then sweeping 100 uniform values within that range. The total NADH
produced through the TCA cycle was calculated by summing the fluxes for the ‘MDH’ and
‘AKGDH’ metabolic reactions. The percentage of the proteome allocated to the TCA cycle was
calculated using the solutions from each model, specifically the translation fluxes:

z - maw; * ]’_;'I_Ewm.h'lf.fuum

a &y translation
jmaw; V:

% Proteome Allocated to the TCA cyele =

Where mw; and Vtranslationi represents the molecular weight and translation flux of the ith
protein in the TCA cycle, and mw; and Vtranslationj represents the molecular weight and
translation flux of the jth protein the entire model. The damaged portion of the proteome was

calculated as follows:

corneples formmalion
Y maRVmertes !

; , K|/ translation
> mw*V,

% Damaged Proteome Allocated to the TCA cycle =

Where mw; and Vtranslationj are the same variables above,
and mwy and Vcomeplexformationk correspond to the kth protein in Supplemental Table S5. The
undamaged portion of the proteome allocated to the TCA cycle was calculated as the difference

between the total proteome allocated and the damaged proteome allocated.
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4.3.1 Trade-off between resistance and persistence in high cell-density cultures

High cell density growth imposes strong physiological constraints that force cells to balance
resource investment between rapid proliferation and maintenance of stress resistance (173—177).
This study combined quantitative experimentation with genome-scale modeling to define that
trade-off and its proteomic basis in Escherichia coli.

Batch and fed-batch fermentations were conducted across increasing biomass densities to
track changes in respiration, metabolite secretion, and stress-response gene expression. At elevated
densities, oxygen limitation and by-product accumulation induced a gradual shift from high growth

“resistant” states toward slow growth “persistent” phenotypes characterized by enhanced stress-
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protective functions. Proteomic analysis confirmed that ribosomal and translational components
declined, whereas chaperones, detoxification enzymes, and envelope-stabilizing proteins
accumulated.

To quantify the proteomic costs underlying this transition, the OxidizeME framework was
used to simulate proteome allocation under experimentally measured ROS scaling factors (Figure
4.3). The model explicitly accounted for protein repair and turnover reactions activated by
oxidative stress. Simulated allocations reproduced the observed decline in biosynthetic capacity and
the proportional expansion of stress-response sectors as cell density increased. This agreement
indicated that maintenance functions consume a progressively larger fraction of the proteome,
limiting translational throughput and explaining the experimentally observed slowdown of growth
at high optical densities.

The modeling results demonstrated that persistence emerges not from a single regulatory
switch but from proteome reallocation driven by energy and redox constraints. This mechanistic
interpretation links the macroscopic resistance-persistence trade-off to molecular-level constraints
on protein synthesis and repair.

Together, the experimental and computational analyses revealed a quantitative relationship
between stress resistance and proteomic maintenance at high density. By integrating omics
measurements with OxidizeME simulations, the study provided a mechanistic explanation for
density-dependent persistence, illustrating again how interoperable multi-omic and ME model

frameworks can resolve global resource-allocation phenomena.
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Figure 4.3: Proteome reallocation and damage in high-density cultures.

OxidizeME-predicted distribution of proteome sectors across ROS scaling factors as determined by
experimental data (adapted from Beulig et al., 2025, Fig. 3B) (178).

4.3.2 Methods

4.3.2.1 Genome-scale model of metabolism and macromolecular expression (ME model)

We used OxidizeME, a genome-scale model of metabolism and expression with ROS
damage responses (171). Models were constrained using phenotypic data (growth rate, glucose
uptake rate, oxygen uptake rate, CO> production rate, organic acid production rates) and expression
data, as described previously (172). Growth was simulated over a range of maintenance costs
(reaction “ATPM”) with basal intracellular ROS concentrations for the WT strain (0.2 nmol
L™! superoxide and 50 nmol L ™! hydrogen peroxide). As the steady-state level of ROS is
proportionate to the rate of its formation, intracellular ROS concentrations of the production strain
were scaled according to the increase in oxygen uptake rate relative to the WT strain (169,171).
The percentage of the proteome allocated to glycolysis, pentose phosphate cycle, and tricarboxylic

acid cycle was calculated using the solutions from each model, according to the following:

90



% proteome = E mw; X V;I,translatiun / E mw; X 1["‘:';'TT:rfmslﬂ‘tiu::.n
i J

where mw; and ¥ transiation represent the molecular weight and translation flux of the i-th protein in a
given pathway, respectively, and mw; and Vj ganslation represent the molecular weight and translation
flux of the j-th protein in the entire model. Similarly, the damaged portion of the proteome was

calculated, according to:

% dama'gEd proteome = (Z mwj X kaCumplexF clrmatiun) /‘ (Z mw; X V',translation)
k ]

where mwy and Vi complexFormation Tepresent the molecular weight and translation flux of all

OxidizeME protein damaging reactions (denoted with the prefix “damage ), respectively.
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4.4.1 Extracellular respiration is a latent energy metabolism in E. coli

Respiration in Escherichia coli is typically confined to the cytoplasmic membrane, where
inner-membrane dehydrogenases and terminal oxidases transfer electrons to soluble acceptors
(179-181). In this study, a combination of genetic, electrochemical, and systems-level analyses
revealed that E. coli possesses an unrecognized capability for extracellular electron transfer (EET),
allowing cells to respire by passing electrons to external acceptors through native and heterologous
nitroreductases (182—186).

This study demonstrated that expression of specific nitroreductases enabled measurable
anodic currents under both aerobic and microaerobic conditions. Transcriptomic measurements
confirmed broad remodeling of central-metabolic and respiratory pathways when cells engaged in
EET. Key redox enzymes, including NADH dehydrogenase I, succinate dehydrogenase, and
cytochrome bd oxidase, were down-regulated, while enzymes supporting flavin and quinone
turnover were induced. These molecular changes established that EET acts as an alternative energy
metabolism that supplements oxygen respiration by expanding the accessible redox range of the
cell.

To quantify the energetic and proteomic consequences of EET, we applied a ME model of
E. coli in which additional heterologous redox reactions were introduced to represent extracellular
electron transfer. Simulations were performed under the same oxygen and electron-acceptor
regimes used experimentally. The model predicted that enabling EET decreases flux through
oxygen-dependent oxidases while partially relieving proteome burden associated with redox-

balancing enzymes (Figure 4.4). This proteomic “relief” corresponds to a measurable reduction in
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stress-related enzyme demand and improved allocation of translational capacity toward growth-
associated sectors. Quantitatively, the model reproduced the experimentally observed increase in
ATP yield and the shift in quinone-coupled dehydrogenase usage reported in the electrochemical
assays.

These simulations demonstrated that extracellular respiration provides both energetic and
proteomic advantages by redistributing cellular resources from endogenous detoxification and
redox-maintenance functions to productive metabolism. Integrating omics data and mechanistic
ME modeling thus supplied a coherent quantitative framework connecting molecular changes to the

macroscopic phenotype of EET-enabled growth.
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Figure 4.4: Proteome allocation and energetic relief during extracellular respiration.

ME-model predictions showing changes in proteome distribution between oxidative-stress and
biosynthetic sectors when heterologous EET reactions are introduced, compared with experimental
measurements (adapted from Kundu et al., 2025, Fig. S6B-S6C) (187).

4.4.2 Methods

4.4.2.1 Modeling of HNQ-mediated EET

We performed Flux Balance Analysis using the latest genome-scale metabolic model of E.
coli, IML1515 (188). We generated three sets of strains for analysis: 1) wild type, corresponding to

the base iML1515 model; 2) EsinkNull and FermNull, which include the sets of redox
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reaction knockouts described in this manuscript (see Strain list); and 3) EsinkNull (and FermNull)
+ nfsB, which has the EsinkNull (and FermNull) reaction sets knocked out but the addition of the
reactions for naphthoquinone reduction by NADH (NADH + Oxidized HNQ «<» NAD + Reduced
HNQ), and regeneration by the anode (Reduced HNQ < Oxidized HNQ). FBA was performed in a
standard manner (189) using the COBRA Toolbox (190) in Matlab with the Gurobi solver version
9.1.1. We utilized growth as the primary objective for simulations, with glucose uptake constrained
to 10 mmol/gDW/hr, oxygen constrained to 0 mmol/gDW/hr (anaerobic), with a secondary
quadratic objective to minimize the Euclidean norm of the flux state while constrained to the

maximal growth rate. Additionally, the NAD(P) transhydrogenase flux was capped to predicted

wild-type levels of 2 mmol/gDW/hr in all simulations to prevent the use of futile redox cycles to
oxidize NADH freely. Genes were knocked out respective of logical relationships in reaction gene-
to-protein relationships (GPRs), such that a reaction flux was constrained to 0 mmol/gDW/hr if and

only if all of its possible catalyzing protein complexes have at least one essential gene knocked out.

Simulations were performed in Matlab using the COBRA toolbox (190).

We then analyzed the proteome allocation using the iJL1678b Metabolism and
Macromolecular Expression (ME) model (6). We generated three strains for analysis: 1) wild type,
identical to the base 1JL1678b model; 2) FermNull, as described above; and 3) FermNull + nfsB, as
described above. We estimated the NfsB kefr value to be 57.4 in the model using the transcriptome-
constrained wild-type flux state and experimental absolute proteomics from this study (132). All
strains were grown anaerobically, with growth being the primary objective for simulations. The
Wild Type strain was simulated under two conditions: 1) Fermentation, which was grown
anaerobically with glucose uptake constrained to 10 mmol/gDW/hr, and 2) Nitrate Respiration,
which was grown similarly but additionally with nitrate uptake constrained to 30 mmol/gDW/hr.

The FermNull and FermNull + nfsB strains were constrained to the same growth rates calculated
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from the iML1515 simulations. Proteome allocation was analyzed using the simulation results for
ETC, Glycolysis, and Fermentation proteins. Proteome allocation related to stress iModulons
(SoxS, OxyR, ppGpp, CpxR, and RpoS) were analyzed for the FermNull strains by calculating

the proteome allocated to the genes enriched in each iModulons. Simulations were performed using

the COBRAme Python software package (6).

4.4.3 Acknowledgments
We thank Dr. Rob Egbert from the Pacific Northwest National Laboratory for providing the

BioDesignER strain. We thank Dr. Shyam Bhakta from Rice University for sharing the part vector
used for constructing NfsB- and NfsA-expressing plasmids. We highly appreciate Dr. Steffen
Lindner-Mehlich from the Max Planck Institute of Molecular Plant Physiology for valuable
discussions on generating the NADPH auxotroph strain. We are also deeply grateful to Dr.
Jayashree Soman from Rice University for proofreading the manuscript. The study was funded

by Office of Naval Research, award # N00014-24-1-2034 (C.M.A.-F.); Cancer Prevention and
Research in Texas, award # RR1900063 (C.M.A.-F.); and Novo Nordisk Foundation, award

# NNF20CC0035580 (B.O.P.).

Project conceptualization, B.B.K. and C.M.A.-F.; methodology, B.B.K., J.K., D.C.Z., and
C.M.A.-F.; investigation, B.B.K., R.S., J.K., A.P., and D.C.Z.; visualization, B.B.K.; funding
acquisition, C.M.A.-F. and B.O.P.; supervision, C.M.A.-F., D.C.Z., and B.O.P.; writing — original
draft, B.B.K., J.K.,R.S., A.P., D.C.Z., and C.M.A.-F.; writing — review & editing, B.B.K., D.C.Z.,
and C.M.A.-F., with inputs from everyone.

This section of Chapter 4, in part, is a reprint of the material published in Cell:

Kundu, Biki Bapi; Krishnan, Jayanth; Szubin, Richard; Patel, Arjun; Palsson, Bernhard O;

Zielinski, Daniel C; Ajo-Franklin, Caroline M (2025). Extracellular respiration is a latent

energy metabolism in Escherichia coli. Cell, 188(11), 2907-2924.e23.

95



The dissertation author was the fourth author of this material.

4.5.1 Escherichia coli chooses substrates using a multi-layered hierarchical
regulatory network

Carbon utilization in E. coli follows a structured regulatory cascade rather than a binary
catabolite-repression switch (91,191-195). This study compiled 881 transcriptomes across 43
single-carbon substrates, identifying a four layer hierarchy that links substrate quality, growth rate,
and proteome demand (196—198). Independent component analysis resolved 137 iModulons, of
which 25 governed carbon catabolism, grouped into six clusters (I-VI) representing progressive
regulatory layers.

Preferred sugars (Group A) were metabolized through CRP-independent modules, while
secondary substrates (Group B) required three modular CRP sub-programs. As carbon quality
declined, NtrC-1 and Propionate iModulons (Cluster IV) engaged to detoxify propionyl-CoA via
the methylcitrate cycle, mitigating TCA-cycle overflow stress (199-202). A final salvage layer,
sgcABCEQX, was induced only when carbon starvation coincided with ammonium excess,
indicating a latent phage-borne route for pentitol or pentose utilization (203—-206). Diauxic and
starvation time-courses confirmed the dynamic reversibility of this four-layer network (207).

To quantify the cost of traversing these layers, genome-scale metabolism and expression
model simulations (6) were performed using omics-derived constraints from each substrate
condition. These analyses reproduced the hierarchical transcriptomic pattern and measured the
proteome demand for carbon utilization (Figure 4.5). The required proteome mass fraction
increased ~9.4-fold from Group A to D, with CRP-linked programs accounting for ~5% and RpoS-
mediated stress functions requiring an additional 5.5-10.5%, for a total proteome reallocation of up

to = 16% on poor substrates. This explicit quantification, which formed my contribution,
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demonstrated how modular omics analysis can directly constrain mechanistic ME models to
capture rate-yield and stress-allocation trade-offs.

By uniting transcriptomic decomposition with proteome resolved modeling, this study
provides a quantitative, interoperable framework that links substrate chemistry to regulatory
hierarchy to proteome economy. It exemplifies the central theme of this dissertation: that multi-
omics knowledge and mechanistic models can be integrated to elucidate and predict how E. coli

balances metabolic breadth, energetic yield, and stress preparedness across environments.
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Figure 4.5: Proteome allocation across the nutrient-response hierarchy.

ME model predictions constrained by omics data reproduce the monotonic rise in proteome
investment from Group A to D substrates (adapted from Shin et al., 2025, Figure 5C).

4.5.2 Methods

4.5.2.1 Omics-constrained metabolism and expression (ME) model simulations

Proteome allocation followed the previous study (35) using the FoldME model (166)
implemented in COBRAme (6). Experimental growth rates constrained the model; expression data
were integrated as described previously (35), and steady-state solutions provided protein mass
fractions assigned to carbon utilization-related and RpoS iModulons. Proteome sectors that were
constrained using expression data include: Crp-1/2/3, NtrC-1, Propionate, DmlA, SCFA,
SgcABCEQX, ppGpp, Pentose Phosphate Pathway, TCA Cycle, Oxidative Phosphorylation, and

Glycolysis.
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4.6.1 Restoration of fitness lost due to dysregulation of the pyruvate dehydrogenase
complex is triggered by ribosomal binding site modifications

The pyruvate dehydrogenase complex (PDC) forms the primary link between glycolysis and
the tricarboxylic-acid (TCA) cycle, converting pyruvate to acetyl-CoA (114,143,208). In E. coli, its
transcriptional regulator PdhR represses PDC expression; deletion of pdhR results in uncontrolled
overproduction of this 4.5 MDa complex and a pronounced growth defect under aerobic conditions
(110,209). Genome-scale ME-model simulations (iJL1678b-ME) were used to quantify the
systems-level cost of excess PDC synthesis. As PDC formation was varied from 0.1 % to 20 x its
optimal rate, simulated growth declined monotonically, revealing that the proteome cost of
assembling such a large multienzyme complex directly limits cellular fitness. When the model was
re-parameterized to represent a minimal three-subunit “small PDC,” the predicted growth penalty
was substantially reduced, confirming that macromolecular size amplifies expression burden.

Adaptive laboratory evolution (ALE) of the ApdhR strain for ~300 generations restored
growth to > 0.9 h™'. Whole-genome sequencing showed convergent mutations in the Shine-
Dalgarno sequence of aceFE, the E1 subunit of PDC, decreasing ribosome-binding affinity and
thereby re-balancing PDC expression (210). Transcriptomic and enzymatic assays confirmed
reduced aceE expression and enzyme activity to near-wild-type levels. Thus, translation-level
tuning compensated for the loss of transcriptional regulation.

Comparative transcriptomics revealed that evolved ApdhR replicates converged toward the
expression profile of the glucose-optimized wild type. Re-established growth coincided with re-
wiring of the electron-transport chain: type Il NADH dehydrogenase returned to baseline, while
cytochrome bd-II and pyruvate oxidase (PoxB) were up-regulated, expanding periplasmic electron-
flow capacity and mitigating reactive-oxygen stress. Independent-component analysis showed
elevated activity of the RpoS iModulon, with induction of its anti-adapter iraP and repression of

nadB, collectively enhancing oxidative-stress tolerance without sacrificing growth. This pattern
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reflected an alternate “fear-greed” trade-off in which ApdhR ALEs maintained RpoS-driven stress
preparedness while regaining translational efficiency (211).

To mechanistically interpret these shifts, ME-model simulations using the FoldME
framework (166) were performed by constraining the model with measured exchange fluxes,
growth rates, and transcript-derived pathway mass fractions. The resulting flux maps (Figure 4.6)
showed increased TCA-cycle throughput and oxidative efficiency in the evolved strains, consistent
with higher ATP yield and the absence of overflow acetate secretion. Unlike wild-type ALEs that
switch to the Entner-Doudoroff pathway, the evolved ApdhR lines retained Embden-Meyerhof-
Parnas glycolysis, implying that RpoS-mediated redox resilience allowed continued use of the
higher ATP yield route.

Together, these results demonstrate that dysregulation of a major proteome-intensive
complex creates a quantifiable systems-level cost that can be resolved by translational fine-tuning
and metabolic reallocation. The ME modeling analysis linked experimental transcriptomic and flux
data to the predicted redistribution of proteome resources and energetic fluxes, establishing a
mechanistic bridge between molecular regulation, redox balance, and growth optimization. This
case study exemplifies the core theme of this dissertation: how interoperable integration of omics
measurements and genome-scale ME models reveals the quantitative proteome-economics

underlying adaptive evolution.
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Figure 4.6. Optimization of glycolytic and TCA efficiency

Computed metabolic flux maps depicting the central metabolism in the WT GMOS, the pre-
evolved, and the evolved ApdhR strains. Key metabolites indicated in the figure are as follows: glc,
glucose; gbp, d-glucose-6-phosphate; g3p, glyceraldehyde-3-phosphate; t6p, d-fructose-6-
phosphate; 6pgc, 6-phospho-d-gluconate; r5p, a-d-ribose 5-phosphate; pep, phosphoenolpyruvate;
pyr, pyruvate; ac, acetate. Calculated fluxes of each strain are colored on a log scale (adapted from
Anand et al., 2021, Fig. 4) (34).

4.6.2 Methods

4.6.2.1 Metabolic Flux Mapping

We used FoldME, a genome-scale model of metabolism and protein expression, to elucidate

the metabolic shifts between the WT, ApdhR, and evolved strains. FoldME was used for ME-model
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simulations as it has shown to provide accurate depictions of proteome composition through the
integration of the protein-folding network for E. coli (166).

The model was constrained with all phenotypic characterization data (i.e., growth rates and
exchange rates), in addition to transcript mass fractions of major metabolic pathways calculated
from RNA-seq data. Imposing the mass fractions directly onto the model yielded infeasible
solutions due to disparities between the mass fractions and phenotypic data. Considering that the
mass fraction of ribosomal proteins scales linearly with growth rate (212,213), we generated the

following constraints for integrating the transcriptomic profile:
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Where ¢, and ¢pamway represent the transcript mass fraction of ribosomal protein and the major
pathway of interest, respectively. Additionally, mw; and Vtranslationi represent the molecular
weight and translation flux of the ith protein in the corresponding pathway,

whereas mwproeini and VtranslationrProteini represent the molecular weight and translation flux

for the ith ribosomal protein.
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Chapter 5. COBRAme.org: A web application for solving and
constraining metabolism and expression models

Genome-scale models of metabolism and expression (ME models) extend traditional flux
balance analysis by coupling transcription, translation, and metabolism within a single
stoichiometric framework. These models enable quantitative prediction of proteome allocation,
enzyme usage, and growth physiology, but their technical complexity has limited adoption.
Running ME simulations typically requires local software installation, substantial computational
resources, and familiarity with Python based modeling frameworks such as COBRAme.

We developed the COBRAme Web Application, an open, browser based platform for
running genome-scale ME simulations without requiring programming or local installation. Users
can upload or select pre-existing ME models, modify exchange bounds, kinetic parameters, and
gene knockouts, and optionally apply transcriptomic or proteomic constraints. The system
architecture consists of a lightweight frontend, a backend job queue, and a worker hosted on
Amazon Web Services (AWS) EC2 that executes simulations and automatically emails results to
users. Three modeling environments are supported: COBRAme, for steady-state simulations;
StressME, for proteome allocation under environmental stress; and DynamicME, for time-course
simulations of growth and metabolism. Example use cases demonstrate simulations of gene
knockouts on alternative substrates, stress-dependent proteome reorganization, dynamic multi-
carbon growth, and synthetic omics perturbations reproducing the fear-greed tradeoft.

The COBRAme Web App provides the first fully web-based environment for proteome-
constrained ME modeling. By separating the user interface from the computational backend, the
platform ensures reproducibility and scalability while eliminating software barriers. It enables

students, researchers, and educators to explore ME-model behavior interactively and serves as a
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foundation for future deployment of multi-omics-integrated modeling frameworks. The web

application can be accessed at https://cobrame.org.

5.1 Background

Genome-scale models of metabolism have become central tools in systems biology for
predicting cellular physiology, gene essentiality, and metabolic responses across environments
(214-216). The most widely used framework, flux balance analysis (FBA), enables constraint-
based simulation of steady-state flux distributions and has been instrumental in reconstructing and
analyzing hundreds of metabolic networks (189,217). However, FBA models neglect the molecular
processes underlying enzyme synthesis, limiting their ability to capture proteome allocation and
expression costs.

Metabolism and Expression (ME) models extend traditional metabolic reconstructions by
explicitly coupling transcription, translation, and metabolism within a unified stoichiometric
framework (6,127). This coupling allows direct simulation of proteome-constrained cellular
physiology, providing mechanistic predictions of growth rate, enzyme usage, and resource
allocation under genetic and environmental perturbations (218). While ME models have become
increasingly powerful and generalizable, they remain technically difficult to use. Running even a
single simulation often requires specialized software installation, substantial memory and CPU
resources, and familiarity with Python based frameworks such as COBRAme (6). These barriers
restrict broader adoption of ME modeling beyond a small community of developers and
computational experts.

To address this accessibility gap, we developed the COBRAme Web Application, an open
and interactive platform for running genome-scale ME model simulations directly through a
browser interface. The application enables users to upload or select pre-existing ME models, adjust

parameters such as exchange bounds, kinetic constants, or gene knockouts, and apply optional

105



omics-based constraints. Each simulation is executed remotely by a worker system hosted on AWS
EC2, and the results, including fluxes, mass fractions, and visualization files, are automatically
returned to the user by email. This architecture separates the user interface from the computational
workload, ensuring reproducibility and allowing the application to scale with available cloud
resources.

The COBRAme Web App represents, to our knowledge, the first fully web-based
environment for proteome-constrained modeling. By removing installation requirements and
simplifying the execution pipeline, the platform lowers the barrier to entry for new users while
maintaining compatibility with advanced ME frameworks such as StressME and DynamicME. In
this way, the application serves both educational and research purposes: it provides an intuitive
starting point for exploring proteome allocation and a practical interface for running complex ME

based simulations that previously required local execution.

5.2 Implementation

The COBRAme Web Application was designed to make genome-scale ME modeling
accessible to a broad range of users while maintaining a robust and reproducible computational
workflow (Figure 5.1). The system architecture consists of three main components: a user facing

frontend, a backend storage and job queue, and a worker process that executes model simulations.
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Figure 5.1: System architecture of the COBRAme Web Application.

The COBRAme Web App provides a complete end-to-end workflow for running proteome-
constrained ME-model simulations directly through a browser interface. (1) Users upload or select
a pre-existing ME model. (2) The frontend validates model structure and dynamically loads
editable parameters. (3) Users modify kinetic parameters, exchange reactions, gene knockouts, or
omics-based constraints (e.g., growth rate, transcriptomics, or proteomics). (4-5) The application
packages all inputs into a job specific folder and sends it to the backend. (6-7) A worker instance
hosted on AWS EC2 reads queued jobs, executes the ME simulation, stores minimal job
summaries, and removes temporary files. (8) The full results folder is automatically emailed back
to the user. This architecture separates user interaction from computationally intensive simulation
to ensure reproducibility, scalability, and ease of use.

The frontend provides an intuitive browser interface for uploading, modifying, and
submitting ME models. Users can either upload a saved model file or select from the three pre-
implemented genome-scale ME reconstructions: Escherichia coli (1IJL1678b-ME) (6), Bacillus

subtilis (1JT964-ME) (219)https://paperpile.com/c/pGO2AG/BMtv, and Clostridium ljungdahlii

(1JL965-ME) (220). Once a model is loaded, the application dynamically retrieves editable

parameters—including exchange reactions, gene knockouts, kinetic rate constants (kefr), and
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optional omics-based constraints such as growth rate or transcriptomics/proteomics data. All user
inputs are validated on the client side to prevent incompatible model configurations prior to job
submission.

When a job is submitted, the frontend packages all inputs and model metadata into a
uniquely labeled job id folder and transmits it to the backend. The backend manages a simple
queue that records pending simulations and organizes associated job files. This design ensures that
each simulation remains fully self-contained, improving reproducibility and facilitating
downstream data retrieval.

A separate worker instance periodically scans the backend queue for the next available job.
Upon retrieval, it loads the model, applies all specified parameters, and executes the simulation.
The worker environment mirrors the standard COBRAme Python setup and can be deployed using
the StressME Docker image for reproducibility and to maintain a consistent solver environment
(221). Simulation results, including flux distributions, gene mass fractions, and summary statistics,
are stored in a results subdirectory. Once complete, the worker automatically removes temporary
input files, retains a minimal job summary, and emails the compressed results folder to the user.

The application currently supports three modeling environments that correspond to distinct
ME modeling frameworks: COBRAme, StressME, and DynamicME (6,221,222). The general
COBRAme interface performs steady-state simulations of ME models, allowing users to examine
gene knockouts, substrate utilization, and proteome allocation under specified constraints. The
StressME environment extends this workflow to include temperature, pH, and reactive oxygen
species perturbations, integrating optional transcriptomic or proteomic data to compute stress
induced proteome reorganization and generate flux maps and Proteomap visualizations. The
DynamicME module enables time-course simulations, returning temporal trajectories of metabolite

concentrations, biomass accumulation, and growth rate. Together, these three environments provide
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a unified framework for exploring metabolic, stress, and dynamic dimensions of proteome-
constrained modeling through a single web interface.

The entire application is hosted on an Amazon Web Services (AWS) EC2 instance,
providing scalable computational resources and persistent storage. This separation of the user
interface from the compute environment allows intensive ME simulations to run remotely without
requiring local installation or software dependencies. Collectively, this architecture provides a
stable, lightweight, and extensible foundation for running proteome-constrained models through a

modern web interface.

5.3 Results and Disscussion

To demonstrate the functionality and versatility of the COBRAme Web App, we present
several representative examples that can be executed directly through the browser interface. These
examples highlight how users can configure and run ME model simulations, explore stress
dependent proteome allocation, and perform dynamic time-course analyses without installing any
software or writing code. The demonstrations are based on established ME model frameworks
(COBRAme, StressME, and DynamicME) and are designed to illustrate the range of simulation

types and outputs available through the platform.

5.3.1 General ME modeling workflow

The COBRAme environment provides an interactive interface for running steady-state ME
model simulations on the ‘Main’ page, demonstrated here using the Escherichia coli iJL1678b
model. In this example, the user simulates growth on fructose minimal medium while knocking out
the gnd gene, which encodes 6-phosphogluconate dehydrogenase (Figure 5.2a). Within the web
interface, the user locates gnd, or b2029, in the Gene Knockout box and selects it to set its state to
“off.” A user can undo this by reclicking the blue chip that appears with the gene name. Exchange

reactions are modified in the sortable Exchange Bounds table by setting the EX fru e lower bound
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to —1000 mmol-gDW'-h! and the EX glc D e lower bound to 0, effectively switching the
carbon source from glucose to fructose.

The input tables are fully sortable and searchable, allowing users to quickly navigate
hundreds of exchange reactions and confirm which metabolites are open or constrained. After
defining parameters, the user enters an email address and submits the job. When complete, the
backend sends a results archive containing all output files (Figure 5.2b-c). These include (Figure
5.2d): fluxes.csv, the complete set of metabolic reaction fluxes (mmol-gDW™'-h™"); mf.csv, the
mass fraction of the proteome allocated to each gene product; and results summary.json, the model
result. The user also receives all input files, including a record of model modifications, ensuring the
simulation can be precisely reproduced.

Generating a flux map shows decreased flux through the oxidative pentose phosphate
pathway due to the gnd knockout and reduced growth yield on fructose relative to glucose. This
example illustrates the reproducible, code free workflow for running conventional ME model

simulations.
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Figure 5.2: Interactive modeling workflow for the COBRAme module.

(A) Web interface for a simulation of E. coli iJL1678b with a gnd knockout and fructose as the
carbon source. Users specify (1) the model, (2) gene knockouts, (3) exchange bounds, and (4)
contact email before (5) submitting. (B) Automated email notification of job completion with a
compressed results attachment. (C) File structure for a completed job, showing model, payload, and
result directories. (D) Example output files, including mf.csv (mass fractions) and fluxes.csv
(reaction fluxes), visualized as a network map highlighting the gnd knockout and fructose uptake
reaction (EX fru_e). Together these outputs demonstrate the app’s ability to perform genome-scale
ME simulations with user defined constraints.
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5.3.2 StressME modeling environment

The StressME module extends COBRAme to incorporate thermal, acid, and oxidative stress
responses in a unified E. coli ME model (166,171,221,223). In this example, the user is on the
‘StressME’ page, which uses a pre-selected StressME model file. Three stress parameters are
defined directly from dropdown menus: temperature = 40 °C, pH = 6, and ROS fold change = 2
(Figure 5.3a). The default values are set to wild type conditions.

In this example case, an optional transcriptomic dataset (transcriptomics.xlsx) is uploaded
to constrain metabolic pathways. An example dataset is provided with clear instructions on how to
format your data. The methodology for omic constraints uses a proteome sector approach to ensure
the model produces macromolecules to at least the amount seen in the experimental data (15,16).
We have used this method of omics integration in a variety of studies to showcase the benefits of
layering additional experimental constraints (34,35,172,208,224).

The resulting job folder (Figure 5.3b) contains the core model file, omics constraints, a
payload.json file that shows all user modifications/inputs, and a generated status.json that records
model name, runtime, and final growth rate (u = 0.608 h™') (Figure 5.3¢). The flux_map.html
output (Figure 5.3d) reveals metabolic flux distributions in an interactive escher map, where the
user can change colors and thresholds. The associated voronoi.html file (Figure 5.3e) visualizes
proteome allocation, showing a marked increase in stress response and chaperone sectors and a
reduction in ribosomal mass fraction.

Together, these results demonstrate how StressME captures proteome redistribution under
environmental challenges. By allowing users to toggle stress parameters and integrate omics data
interactively, the module bridges experimental conditions with mechanistic predictions of proteome

usage.
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Figure 5.3: StressME module for modeling proteome allocation under environmental stress.

(A) Frontend inputs for StressME simulations, including (1) temperature, pH, and ROS fold
change, with (2) optional transcriptomic or proteomic data uploads, before the user enters their
email (3) and submits (4). (B) Example job directory produced by the backend worker. (C)
Representative status.json output containing runtime metadata and the final optimized objective
value. (D) Generated flux_map.html, displaying flux distributions under stress conditions. (E)
Corresponding voronoi.html Proteomap visualizing proteome allocation across COG functional
categories. These outputs demonstrate integration of omics data and visual exploration of stress
specific proteome allocation.

5.3.3 DynamicME modeling environment

The DynamicME environment performs time-course ME simulations, coupling
transcription, translation, and metabolism to capture changes in cellular composition over time.
Users define simulation parameters such as total duration = 10 h, time step = 0.1 h, reactor volume
=1 L, and initial biomass = 0.00675 gDW (Figure 5.4a). The initial concentrations table lists all
extracellular metabolites with default values of 0 g/L. The table is sortable by metabolite name or

value, allowing users to quickly identify which substrates are being included.
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Users can optionally override individual catalytic rate constants (kefr) in the Keff Overrides
box. Each override can be reverted by clicking the red X next to the entry, restoring the default
kinetic parameter from the model.

In this example, we wanted to recreate the multi-carbon substrate plot generated in the
original DynamicME manuscript (222). In order to do this, we needed to include 0.4 g/L of gal e,
glc e, malt e,lac_ L e, glyc e. We also want the output plots to track ac_e so we include a trace
amount of 0.0001 g/L. The output plots only track metabolites that the user changes a value for. In
order to replicate the DynamicME plot, we also need to modify the kesrs of a handful of reactions
(see Supplemental Table D.1).

Upon execution, DynamicME computes the full-time dependent trajectory of growth,
substrate consumption, and byproduct secretion. The output directory (Figure 5.4b) includes the
dynamicme _results.json file which includes a dictionary of all fluxes, biomass, concentrations, and
mass fractions across all time points. Example plots (Figure 5.4c-d) plot biomass and growth rate
over the simulation, as well as tracked metabolic concentrations over time. The interface allows
direct inspection of temporal changes in proteome and metabolism, providing an intuitive

framework for studying dynamic resource allocation.
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Figure 5.4: DynamicME module for time-course simulation of metabolism and expression.

(A) Frontend inputs specifying (1) the model, (2) dynamic simulation parameters (time step,
volume, initial biomass), (3) initial metabolite concentrations, (4) keff modifications, (5) user
email, and (6) submission. (B) Job output folder containing flux and concentration time-course
results. (C) Example plot of biomass accumulation and growth rate over time. (D) Concentration
trajectories for selected extracellular metabolites, illustrating substrate depletion and byproduct
secretion during dynamic simulation. DynamicME enables temporal analysis of ME model
behavior directly from the browser without requiring code execution.

5.3.4 Omics-constrained proteome tradeoffs

We applied the COBRAme Web App to reproduce the RpoS dependent “fear-greed”

proteome tradeoff (165). In this example, the uploaded proteomic datasets were not derived from
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experiments but rather constructed to deliberately shift proteome investment toward stress response
genes. Multiple datasets were uploaded to represent incremental increases in RpoS gene group
expression, 0%, 1%, 10%, and 20% of total protein mass, forcing the model to commit
progressively more resources to RpoS associated functions (Figure 5.5a). The input spreadsheet
(Figure 5.5b) lists the RpoS iModulon associated genes and their relative abundances under each
condition.

After applying these synthetic constraints, simulations were executed sequentially, and the
resulting mf.csv outputs were plotted to reveal proteome reallocation (Figure 5.5¢). As the fraction
of RpoS associated proteins increased, the mass fraction devoted to translational machinery
decreased. Despite the artificial construction of these datasets, the resulting emergent tradeoft
captures the same balance between growth efficiency and stress tolerance observed in experimental
studies (165). This example illustrates how the COBRAme Web App can be used not only to
analyze real omics data but also to design and test conceptual scenarios that probe resource

allocation principles.
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Figure 5.5: Reproducing proteome trade-offs using omics-constrained ME modeling.

(A) Web interface showing multiple proteomic dataset uploads for E. coli simulations under RpoS
induced stress conditions. (B) Example spreadsheet inputs defining relative abundances of RpoS
and translation related iModulons across conditions. (C) Modeled proteome mass fractions
revealing the emergent “fear-greed” trade-off between RpoS and translation modules. This case
study highlights how COBRAme Web App can reproduce experimentally observed proteome
allocation principles through straightforward omics integration.

5.4 Conclusions

The COBRAme Web App enables interactive execution of genome-scale ME model
simulations through a modern web interface. It allows users to upload, modify, and run models
without requiring local software installation or programming experience. By integrating established
frameworks such as COBRAme, StressME, and DynamicME within a unified platform, the

application provides a practical and accessible entry point into proteome-constrained modeling.
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While the underlying ME frameworks remain computationally challenging, the web-based
design offloads this complexity to a remote worker system and returns organized, interpretable
outputs. This structure makes it possible for both new and experienced users to explore metabolic
knockouts, stress dependent proteome allocation, and dynamic growth simulations directly from
their browser. Beyond accessibility, the reproducible architecture ensures that each simulation can
be precisely replicated, supporting transparent and shareable research workflows.

By lowering the technical barriers to ME modeling, the COBRAme Web Application helps
extend proteome-constrained approaches to a broader community of biologists, educators, and
engineers. As additional ME frameworks are developed and standardized, the application can serve
as a foundation for deploying future organism specific and multi-omics integrated models in a

scalable, browser-based environment.
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Chapter 6. Conclusions

Cellular physiology is ultimately governed by the allocation of finite proteomic resources.
Every metabolic flux, regulatory response, and phenotypic shift reflects tradeoffs in how the
proteome is partitioned between competing cellular objectives. This principle has been recognized
experimentally through global proteomics and transcriptomics, and it forms the conceptual
foundation of this dissertation. Across each study, proteome allocation emerged not only as a
measurable property but as the mechanistic driver of growth rate, stress response, and metabolic
efficiency. The work presented here demonstrates that when mechanistic constraints on protein
synthesis and enzyme usage are incorporated into computational models, the resulting simulations
no longer reproduce cellular behavior merely by calibration, they recapitulate the underlying logic
of resource allocation that defines microbial life.

Constraint-based modeling provides a natural language for expressing this logic. By
imposing mass balance, thermodynamic feasibility, and enzyme capacity limits, these models
formalize the boundary conditions under which evolution operates. Biological systems can then be
understood as optimization problems constrained by physical and molecular laws, rather than as
collections of independent reactions. This formulation has proven essential to connecting large-
scale omics data to mechanistic prediction. Genome-scale metabolic reconstructions, when
extended to include transcription, translation, and complex assembly, enable proteome allocation to
emerge as an output of the optimization rather than as an empirical input. Within this framework,
the proteome becomes the currency of cellular economy, linking gene expression, energy balance,
and growth.

Each component of this dissertation illustrates a different aspect of this principle.
Mechanistic simulations of bacterial metabolism and expression were used to interpret proteome

tradeoffs under environmental and regulatory perturbations, where emergent sectoral shifts in the
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proteome mirrored those observed experimentally. The integration of transcriptomic and proteomic
constraints refined these predictions further, not by forcing agreement with data but by revealing
which constraints most strongly shape feasible physiological states. In this way, omics integration
is not merely a method of validation but a means of discovering emergent behavior. When high-
dimensional data are projected onto mechanistic reconstructions, they expose the organizing rules
of the cell, its resource limitations, co-regulatory structure, and hidden cost of unused capacity.

This emphasis on integrating experimental data within mechanistic frameworks aligns with
a broader transformation in systems biology. The modern data landscape (transcriptomes,
proteomes, metabolomes) provides unprecedented detail and can be produced at scale, but without
a unifying model, such data cannot yield causal understanding. ME modeling resolves this gap by
situating molecular measurements within the constraint structure of the cell. By coupling gene
expression with metabolism through enzyme synthesis reactions, these models directly translate
molecular level information into physiological predictions. The success of this approach depends
on accurate biochemical reconstruction and on the ability to incorporate data in a way that respects
biological mechanisms. The case studies presented here show that when this is achieved, emergent
properties arise that were not explicitly encoded in the model: patterns of proteome reallocation,
tradeoffs between biosynthetic and stress sectors, and shifts in respiratory efficiency that mirror
experimentally observed growth laws.

Developing computational frameworks that make these models more accessible was a
central goal of this work. The web application ecosystem built around COBRAme demonstrates
how genome-scale ME models can be deployed, modified, and interrogated interactively. By
integrating curated model repositories, editable parameters, and options for omics-based
constraints, this system enables researchers to test hypotheses, visualize proteome allocations, and

explore emergent predictions without requiring local installations or specialized code. The purpose
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of this effort is not to propose a new theoretical model, but to lower the barrier between data and
mechanistic interpretation. Also, to make proteome-constrained modeling a routine component of
biological analysis. Through this accessibility, the mechanistic insights of ME modeling can reach
the broader experimental community, accelerating iterative refinement between experiment and
computation.

The comparative landscape of proteome-constrained frameworks further clarifies the
advantages of ME models. GECKO, MOMENT, ETFL, and RBA each extend flux balance
analysis by incorporating enzyme capacity or allocation constraints, yet they differ in how directly
they connect molecular mechanisms to metabolic fluxes. GECKO imposes catalytic limits through
measured or predicted turnover numbers and protein costs, effectively bounding reaction rates by
enzyme availability (225). This formulation captures the concept of a proteome budget but treats
translation as an external process. MOMENT, similarly, constrains total enzyme mass using kinetic
parameters to predict growth rates and flux distributions, offering improved quantitative agreement
but limited mechanistic depth (226). RBA abstracts the cell as an optimal resource allocation
problem between functional protein sectors (227). Although individual enzymes and
macromolecules are represented, their synthesis is modeled at the level of allocation and not
through explicit gene expression reactions. Consequently, RBA lacks the direct gene-protein-
reaction coupling that defines ME models. ETFL integrates expression and thermodynamic
constraints into a mixed-integer linear framework, but still approximates the coupling between
transcription, translation, and metabolism (228). In contrast, ME models implement this coupling
explicitly: each enzymatic reaction is tied to its gene, transcript, and protein through defined
synthesis and degradation processes. The resulting system retains linearity while enforcing a

mechanistic relationship between expression and metabolism. This distinction is critical, the model
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is not tuned to data, but rather derives phenotype from first principles constrained by biochemical
reality.

Mechanistic coupling confers both predictive power and interpretability. Because each
enzyme, ribosome, and metabolic complex is represented explicitly, changes in flux distribution
can be traced directly to shifts in gene expression or protein synthesis costs. This level of detail
allows ME models to connect multi-omics data to emergent physiological patterns in a way that
abstracted models cannot. While frameworks such as GECKO or ETFL excel at large-scale
parameterization and computational efficiency, they remain limited to describing how proteome
allocation constrains metabolism. ME models, by contrast, can explain why those constraints exist,
because the processes that generate them, transcription, translation, assembly, are part of the model
itself. The distinction is one of mechanistic depth: ME models are not only enzyme-constrained but
expression-driven, allowing constraint-based optimization to operate over the entire gene-to-flux
axis of the cell.

Throughout this dissertation, proteome allocation has been shown to underlie the emergence
of diverse bacterial phenotypes. When environmental conditions or regulatory programs change,
the feasible space of proteome configurations shifts accordingly, and growth, stress resistance, and
metabolic efficiency emerge as consequences of that redistribution. These are not imposed
outcomes but emergent properties of the system’s constraints.

Taken together, the studies in this dissertation demonstrate how the combination of
mechanistic reconstruction, constraint-based optimization, and data integration can reveal the
governing principles of cellular physiology. Proteome allocation provides the link between
molecular biology and systems-level behavior, unifying growth, regulation, and adaptation within a
single quantitative framework. The ME modeling formalism captures this relationship with the

highest degree of mechanistic fidelity currently achievable, while the tools developed here make it
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practical for broad application. Constraint-based modeling, at its core, mirrors the structure of
biological reasoning: the cell is defined by constraints, driven by internal mechanisms, and shaped
by optimization toward growth and survival. When those principles are encoded computationally
and informed by experimental data, the resulting models do more than simulate metabolism, they

expose the logic of life itself as an emergent consequence of constraint and expression.
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Appendix A. Proteome allocation is linked to transcriptional regulation
through a modularized transcriptome
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Supplemental Figure A.1: PRECISE1k replicate correlations.
R? values between biological replicates and random samples within PRECISE1k.
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Supplemental Figure A.2: PRECISE1k explained variance.
Explained variance plot for PRECISE1k and its components.
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Supplemental Figure A.3: Comparing piModulon and tiModulon activities for all matched pairs.

Differential iModulon Activity (DiMA) plots for all matched iModulons between the two datasets.
iModulons that are transcriptome-dominant (signal more active in the tiModulon than the
piModulon) are highlighted in blue. iModulons that are proteome-dominant are highlighted in red,
and iModulons that are neutral are highlighted in green. Activities are considered differentially
activated for samples that lie outside the significance threshold (dashed line). Legends for each plot
are placed below each plot. Abbreviations LB: Lysogeny Broth, Leu: Leucine Supplement, Arg:
Arginine Supplement, Gal: Galactose Carbon Source, Pyr: Pyruvate Carbon Source, Fum:
Fumerate Carbon Source, Diff: Differentially Activated, Temp: Temperature, Met: Methionine
Supplement. n=57 conditions.
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Supplemental Figure A.4: Scatter plots and regressions for all tiModulons with strong

correlations.

Scatter plots for all tiModulon activities and their measured proteome mass fraction of the
associated genes for tiModulons with strong correlations. tiModulons are charaterized based on
which regression method (linear, exponential, and broken line) resulted in the best adjusted R?
value. The regression method and R? value can be found above each plot, with the tiModulon name
below. Individual samples are scatter plotted in blue, and the regression line is in red. n=57

conditions.
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Adjusted R”~2 Values for tiModulons w/ Strong Correlations at Different Splitting Percentages
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Supplemental Figure A.5: Leave-one-out cross-validation with additional holdouts for tiModulons
w/ Strong Correlations.

(A) Adjusted R2 values for each regression model at various splitting percentages, only for
tiModulons w/ strong correlations to proteome allocation. (B) Root Mean Square Errors for each
regression model at various splitting percentages, only for tiModulons w/ strong correlations to
proteome allocation.
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Discussion of Supplemental Figure A.5:

The regression models for iModulons that are strongly correlated with their proteome
allocation are actually fairly robust even for 57 samples. The Adjusted R2 values stay above the 0.3
threshold for almost all splitting percentages across iModulons except for a couple of extreme
(>20%) splits (Supplemental Figure A.5a). This indicates that the models fit the data well.
Furthermore, the root mean square errors (RMSESs) for the strongly correlated iModulons are also
tight with an average standard deviation of 0.000438 (Supplemental Figure A.Sb). This average
standard deviation indicates that the model can accurately infer the proteome allocation for new
data points. The scale of RMSE relates to the magnitude of proteome allocation, which is why the
Cra, Methionine, and RpoH iModulons all have relatively high RMSEs (0.043367, 0.043133, and
0.033590 % of the proteome, respectively). These three iModulons are the three largest by
proteome mass (see Figure 2.5d in main text) and thus vary the most, so seeing them stand out is

expected.
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A Adjusted R”2 Values for tiModulons w/ weak Correlations at Different Splitting Percentages
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Supplemental Figure A.6: Leave-one-out cross-validation with additional holdouts for tiModulons
w/ Weak Correlations.

(A) Adjusted R2 values for each regression model at various splitting percentages, only for
tiModulons w/ weak correlations to proteome allocation. (B) Root Mean Square Errors for each
regression model at various splitting percentages, only for tiModulons w/ weak correlations to
proteome allocation.
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Discussion of Supplemental Figure A.6:

The Adjusted R2 values consistently stay below 0.3, indicating that the models don’t fit the
data well (Supplemental Figure A.6a). The average standard deviation for the RMSEs for the
weakly correlated iModulons is 0.000465, which is more than the average standard deviation for
strongly correlated iModulons (Supplemental Figure A.6b). These iModulons are much smaller
by proteome mass, so one would expect the standard deviation to be less since it should scale with
the magnitude of proteome allocation (only Translation, Lrp, ArcA, and Glyoxylate are large by
mass, but we unexpectedly also see other iModulons with high RMSEs, see Figure 2.5d in main
text). These results indicate that not only do the models not fit the data well, they also don’t predict

new data well.
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Supplemental Figure A.7: Proteome allocation of the translation tiModulon.

PRECISE1k Translation tiModulon activities plotted against their associated proteome mass
fractions. There is a strong correlation between samples except for a few outliers (gray). R? = 0.737
without outliers, R? = 0.135 with outliers. n=57 conditions.
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Supplemental Table A.1: Matched tiModulons and piModulons

piModulon

MalT

ResC-related
ResC-related
RpoS+ppGpp

NagC

FliA/FIhDC
FliA/FIhDC

Fur

GalS

ArgR

Cold Shock Response
SgrR/Thiamine diphosphate
SgrR/Thiamine diphosphate
PhoB

PhoB

Zur/CusR

Zur/CusR

GadW
Translation-Null
Fnr/Spermidine
Fnr/Spermidine
LeuO/Lrp

LeuO/Lrp

Crpt+ArcA
Crpt+ArcA

Cra

Met]

Fimbriae

tiModulon
Maltose
uc-4

pts ALE
RpoS
GlcNAc
FIhDC-2
FLiA

Fur-1
Galactose
Arginine
Cold Shock
Thiamine-2
Thiamine-1
Phosphate-1
tpiA KO
Zinc-1
Copper
GadXW
Translation
Fnr-1

Fnr-3

Lrp
Pyruvate-1
Crp-2
Maltose
Cra
Methionine

Fimbriae
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Correlation
0.517757
0.503688
0.505555

0.63325
0.656724
0.336105
0.792489

0.68668
0.535344
0.332504
0.489819
0.260406

0.65899
0.427802
0.332344
0.411696

0.2603
0.581244
0.391143
0.347905
0.401703

0.65983
0.264165
0.532799
0.255092
0.680723
0.448365
0.471338



Appendix B. Laboratory evolution of synthetic electron transport system
variants reveals a larger metabolic respiratory system and its plasticity

Supplemental Table B.1: Sample code used during running the ALE machine.

Strain ALE replicate Full ALE code

number
uETS-1H Unevolved AnuoBAcyoB AQFOI1R
eETS-1HA ALE-1 AnuoBAcyoB_A9F6311R1
eETS-1HB ALE-2 AnuoBAcyoB_A10F6411R1
eETS-1HC ALE-3 AnuoBAcyoB A11F6411R1
eETS-1HD ALE-4 AnuoBAcyoB_A12F6311R1
uETS-2H Unevolved AnuoBAcydBAappC AOFOI1R1
eETS-2HA ALE-1 AnuoBAcydBAappC A13F5911R1
eETS-2HB ALE-2 AnuoBAcydBAappC A14F5811R1
eETS-2HC ALE-3 AnuoBAcydBAappC A15F57I1R1
eETS-2HD ALE-4 AnuoBAcydBAappC A16F5711R1
uETS-3H Unevolved AndhAcyoB_AOFOI1R1
eETS-3HA ALE-1 AndhAcyoB ASF5911R1
eETS-3HB ALE-2 AndhAcyoB A6F58I1R1
eETS-3HC ALE-3 AndhAcyoB ATF5611R1
eETS-3HD ALE-4 AndhAcyoB A8F5911R1
uETS-4H Unevolved AndhAcydBAappC AOFOI1R1
eETS-4HA ALE-1 AndhAcydBAappC A9F6611R1
eETS-4HB ALE-2 AndhAcydBAappC A10F7111R1
eETS-4HC ALE-3 AndhAcydBAappC A11F6311R1
eETS-4HD ALE-4 AndhAcydBAappC A12F6011R1
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Supplemental Table B.2: Key genetic changes in evolved ETS variants.

Strain Media adaptation-related mutations Condition-specific convergent
gene mutation
eETS-1HA | +5 bp between Ans and tdk at genomic position 1293009, None
A82 bp between pyrE and rph at genomic position 3815859
eETS-1HB | +5 bp between Ans and tdk at genomic position 1293009, None
A82 bp between pyrE and rph at genomic position 3815859
eETS-1HC G to T substitution in rpoC at genomic position 4188513, None
A82 bp between pyrE and rph at genomic position 3815859
eETS-1HD | +5 bp between Ans and tdk at genomic position 1292997, None
A82 bp between pyrE and rph at genomic position 3815859
eETS-2HA | Ato T substitution in 7poC at genomic position 4187214 None
eETS-2HB C to T substitution in rpoC at genomic position 4185540 None
eETS-2HC | A to G substitution in 7poC at genomic position 4187214 None
eETS-2HD | Cto T substitution in 7poC at genomic position 4185540 None
eETS-3HA | A82 bp between pyrE and rph at genomic position 3815859 T to C substitution in sdhA at
genomic position 756099
eETS-3HB A82 bp between pyrE and rph at genomic position 3815859 C to T substitution in sdhA at
genomic position 756150
eETS-3HC A82 bp between pyrE and rph at genomic position 3815859 T to G substitution in sdhA at
genomic position 756886
eETS-3HD | AS82 bp between pyrE and rph at genomic position 3815859 C to G substitution in sdhA at
genomic position 756968
eETS-4HA | Cto A substitution in rpoA at genomic position 3440923 C to T substitution in yjj.X at
genomic position 4633743
eETS-4HB A3 bp in rpoB at genomic position 4183399 C to T substitution in yjiX at
genomic position 4633634
eETS-4HC | A to G substitution in 7poC at genomic position 4186578 C to T substitution in yjj.X at
genomic position 4633657
eETS-4HD | Cto T substitution in 7poC at genomic position 4189448 C to T substitution in yjjX at
genomic position 4633657

The intergenic mutation between pyrE and rph was present in the respective unevolved strain itself
and these are listed here for a better context of media adaptation. Other mutations present in
unevolved strain have not been listed here. The genes mutated in all four evolved replicates of a
strain are listed here as convergent gene mutations.
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Supplemental Table B.3: Phenotypic characterization of the strains of the study.

Strain Growth rate (h'") Glucose uptake rate Acetate secretion rate
(mmol/gDCW/h) (mmol/gDCW/h)
uETS-1H 0.76,0.79 12.77,13.1 12.01,12.35
eETS-1HA 0.88,0.9 13.57,14.24 13.14, 13.61
eETS-1HB 0.87,0.82 13.61,13.23 13.03, 12.88
eETS-1HC 0.83,0.82 13.84, 13.96 13.24,12.93
eETS-1HD 0.83,0.83 13.35,13.77 12.64, 13.06
uETS-2H 0.65, 0.64 9.51,9.26 6.41, 6.08
eETS-2HA 0.87,0.92 11.24,11.71 7.76,7.92
eETS-2HB 0.9, 0.88 11.57,11.67 777,74
eETS-2HC 0.9,0.9 11.62,11.68 7.36,7.53
eETS-2HD 0.89, 0.89 11.65, 11.76 7.98,7.85
uETS-3H 0.42,0.43 7.68, 8.02 6.67,6.51
eETS-3HA 0.82,0.83 12.6,12.58 11.03, 11.26
eETS-3HB 0.82,0.86 12.35,12.72 11.18,11.26
eETS-3HC 0.83,0.84 12.78, 12.87 11.27,10.97
eETS-3HD 0.83,0.84 11.92,12.26 10.81, 11.07
uETS-4H 0.53,0.52 7.96, 8.18 3.95,3.81
eETS-4HA 0.85,0.84 9.4,9.01 4.24,3.77
eETS-4HB 0.86, 0.88 10.06, 10.47 5.25,6.22
eETS-4HC 0.79,0.83 9.2,93 6.14,5.97
eETS-4HD 0.8,0.82 9.32,9.49 4.96,4.84

The values for two independent replicates are listed in the table. The levels of Succinate, Lactate,
Formate, Ethanol, and Pyruvate were below the detection limit.
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Supplemental Table B.4: Description of the ATS iModulons.

S. No. iModulon Genes (negative coefficients in red)
1 iModulon-13 sdhB, cyoD, sdhD, cyoA, sdhA, sdhC, cyoC, fumA
2 iModulon-b2287 nuoB

3 iModulon-8 ndh, cyoB

4 iModulon-11 cydB, appB, cyoB, appC, ndh

5 iModulon-b3366 nirD

6 iModulon-7 nirB, grcA

7 iModulon-2 narl, narJ

8 iModulon-1 ylil, cyoD

9 iModulon-16 hyaB, hyaA, hyaC

10 iModulon-9 hybO, hybA

11 iModulon-10 tktB, adhP, fbaB, talA, poxB
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Supplemental Figure B.1: Expression levels of respiratory dehydrogenase and reductases of E.
coli.

The entire RNA-seq compendium was explored and the conditions directly or indirectly associated
with energy metabolism have been displayed.
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Supplemental Figure B.2: ATS iModulon correlations.

(a) Correlation among ETS variants based on the ATS iModulon activities. (b) The enlarged

representation of figure 3d lists the replicate information and potential genetic change in the outlier
replicate eETS-4HB.
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Supplemental Figure B.3: Scheme of Aero-type system (ATS).

The pathways are showing reactions of ATS and major ATP production sites. Heatmap represents
the correlation between the iModulons within ATS. iModulons showing a tradeoft are highlighted.
The histogram from Figure 3 has been included to show adjustments within ATS to achieve a
similar ATP yield. Part of the membrane highlighted in blue represents oxic ETS and another part
highlighted in gray represents anoxic ETS. The list of ATS genes was generated based on COG
and GO categories to include as many relevant genes as possible to represent pathways involved
in ATP production, then filtered to remove genes that are never expressed in the multiple model

simulations.
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Supplemental Figure B.4: ATS iModulon Activities.

Activities of ATS iModulons in the unevolved and evolved ETS variants calculated using
independent component analysis. The gene membership of corresponding iModulons is listed in
Supplemental Table B.3.
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Appendix C. Aerobicity stimulon in Escherichia coli revealed using
multi-scale computational systems biology of adapted respiratory
variants
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Supplemental Figure C.1: ATS proteome allocation across experimental conditions.

A histogram showing the proteome allocated to the Aero-Type System for all experimental
samples from our in-house proteomic expression profiling compendium (n = 162 samples, mean
=0.19, std = 0.027).
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Supplemental Figure C.2: PRECISE-1K activities correlation matrix.

A) Hierarchical clustering heatmap of the correlation matrix for all 201 iModulon activities
across 1035 experimental conditions in our in-house transcriptomic compendium, PRECISE-1K.
The green box highlights the iModulon cluster that describes aerobic shifts. Applying a
correlation threshold of +/- 0.5 (B) results in only a few clusters standing out. C) A closer look at
the seven iModulons in the green box (Putrescine, ArcA, Acetate, NtrC-1, Fatty Acid, Glycolate,
Glutarate) that constitute the cluster with and without a threshold (D).
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Supplemental Figure C.3: All iModulon pairs in the aerobicity stimulon.

Scatter plots of iModulon activities for all samples (n=1035) in PRECISE-1K for all pairs of
iModulons in the aerobicity stimulon. All glucose, succinate, and glycerol ETS variants are
labeled. Anaerobic samples are labeled as well to highlight the aerobicity directionality.
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Supplemental Table C.1: Sample code of unevolved strains used in this study.

Strain Full ALE code

uETS-1H | AnuoBAcyoB AOFOI1R1
uETS-2H | AnuoBAcydBAappC AOFOIIR1
uETS-3H | AndhAcyoB AOFOIIR1
uETS-4H | AndhAcydBAappC AOFOI1R1

Supplemental Table C.2: Sample code of succinate evolved strains used in this study.

Strain Full ALE code

SMOS-A | A2F102I1R1

SMOS-B A3F101I1RI1

SMOS-C A4F102I1R1

eETS-1HA | AnuoBAcyoB AT7F48I1R1

eETS-1HB | AnuoBAcyoB_ ASF5111R1

eETS-1HC | AnuoBAcyoB AG6F52I1R1

eETS-2HA | AnuoBAcydBAappC A9F98IIR1

eETS-2HB | AnuoBAcydBAappC A11F9911R1

eETS-2HC | AnuoBAcydBAappC A10F10011R1

eETS-3HA | AndhAcyoB_A15F9211R1

eETS-3HB | AndhAcyoB_A13F9411R1

eETS-3HC | AndhAcyoB_A16F90I1R1

eETS-4HA | AndhAcydBAappC A20F9711R1

eETS-4HB | AndhAcydBAappC A17F9211R1

eETS-4HC | AndhAcydBAappC A18F9711R1
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Supplemental Table C.3: Sample code of glycerol evolved strains used in this study.

Strain

Full ALE code

GlyMOS-A

A2F72I1R1

GlyMOS-B

A1F73I1R1

GlyMOS-C

A3F79I1R1

eETS-1HA

AnuoBAcyoB A8F3511R1

eETS-1HB

AnuoBAcyoB A6F3511R1

eETS-1HC

AnuoBAcyoB ATF3511R1

eETS-2HA

AnuoBAcydBAappC A12F3511R1

eETS-2HB

AnuoBAcydBAappC A9F35I1R1

eETS-2HC

AnuoBAcydBAappC A11F3411R1

eETS-3HA

AndhAcyoB A14F32I1R1

eETS-3HB

AndhAcyoB A13F3311R1

eETS-3HC

AndhAcyoB A15F3411R1

eETS-4HA

AndhAcydBAappC A20F6511R1

eETS-4HB

AndhAcydBAappC A18F6711R1

eETS-4HC

AndhAcydBAappC A19F7011R1
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Supplemental Table C.4: Key genetic changes in the succinate evolved ETS variants.

Strain | Category 1 Category 2 Category 3.1
General resource optimization Electron transport system- | Succinate transport
mutations related mutations related mutations
SMOS- | Cto T substitution in 7poC at genomic +15 bp in dcuB at genomic position
A position 4188572 4348677
SMOS- | G to T substitution in rpoC at genomic +5 bp in dcuB at genomic position
B position 4189508 4348595
SMOS- | C to T substitution in 7poC at genomic dctR, dctd in the duplicated region at
C position 4189448 genomic position 3560455
eETS- C to T substitution in the dctR, dctA in the duplicated region at
1HA intergenic region between genomic position 3653201
yefP/ndh at genomic position
1165960
eETS- rpoD in the duplicated region at C to A substitution in the dctR, dctA in the duplicated region at
1HB genomic position 3131501 and pyrE- intergenic region between genomic position 3584101 and dcuD
rph in the amplified region at genomic vefP/ndh at genomic position | in the amplified region at genomic
position 3805701 1165961 position 3131501
eETS- C to T substitution in the dctR, dctA in the duplicated region at
1HC intergenic region between genomic position 3653201
yefP/ndh at genomic position
1165960
eETS- pyrE-rph in the duplicated region at G to T substitution in pdhR at | dctR, dctA in the duplicated region at
2HA genomic position 3653201 genomic position 122248 genomic position 3619401
eETS- G to T substitution in 7poD at genomic C to T substitution in pdhR at | dctR, dctA in the duplicated region at
2HB position 3214754 genomic position 122401 genomic position 3619401
eETS- rpoA in the duplicated region at C to T substitution in the dctR, dctA in the duplicated region at
2HC genomic position 3428501 intergenic region between genomic position 3584201 and dcuD
vefP/ndh at genomic position | in the amplified region at genomic
1165961 position 3366701
eETS- Albp in rpoC at genomic position dctR, dctA in the duplicated region at
3HA 4189434 and pyrE-rph in the genomic position 3653201
duplicated region at genomic position
3805301
eETS- A to C substitution in 7poC at genomic dctR, dctA in the duplicated region at
3HB position 4186605 genomic position 3653201 and C to A
substitution in dcuB at genomic
position 4347763
eETS- T to G substitution in 7poB at genomic dctR, dctA in the duplicated region at
3HC position 4183961 genomic position 3652201
eETS- C to A substitution in rpoC at genomic
4HA position 4189438 and pyrE-rph in the
duplicated region at genomic position
3721701
eETS- Al bp in rpoC at genomic position
4HB 4189451
eETS- G to A substitution in rpoB at genomic dctR, dctA in the duplicated region at
4HC position 4182880 and pyrE-rph in the the genomic position 3653201

duplicated region at the genomic
position 3653201
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Supplemental Table C.5: Key genetic changes in the glycerol evolved ETS variants.

Strain Category 1 Category 2 Category 3.2

General resource optimization Electron transport Glycerol retention-related

mutations system-related mutations

mutations

GlyMOS- | A to T substitution in 7poB at T to A substitution in glpK at
A genomic position 4183102 genomic position 4117005
GlyMOS- | Cto A and C to T substitution in T to G substitution in glpK at
B rpoC at genomic positions 4188572 genomic position 4116250

and 4188929
GlyMOS- | G to A substitution in rpoB at G to A substitution in glpK at
C genomic position 4182880 genomic position 4117195
eETS- G to C substitution in rpoC at G to C substitution in g/pK at
1HA genomic position 4187603 genomic position 4187603
eETS- C to T substitution in rpoB at C to A substitution in g/pK at
1HB genomic position 4182899 genomic position 4117018
eETS- C to T substitution in 7poC at C to T substitution in glpK at
1HC genomic position 4188572 genomic position 4117060
eETS- C to A substitution in rpoC at C to A substitution in glpK at
2HA genomic position 4187342 genomic position 4116529
eETS- C to A substitution in rpoC at C to A substitution in glpK at
2HB genomic position 4187342 genomic position 4116529
eETS- A to G substitution in 7poB at T to A substitution in glpK at
2HC genomic position 4182881 genomic position 4117005
eETS- G to T substitution in rpoB at T to G substitution in glpK at
3HA genomic position 4183597 genomic position 4116250
eETS- A82 bp in rph at genomic position G to T substitution in glpK at
3HB 3815859 genomic position 4116658
eETS- A2 bp in rph at genomic position G to A substitution in glpK at
3HC 3815882 genomic position 4117195
eETS- C to A substitution in rpoC at Single base substitution in the
4HA genomic position 4188929 coding region of glpK at genomic

position 4116532

eETS- hns and tdk in the amplified region C to A substitution in g/pK at
4HB at genomic position 1259601 genomic position 4117201
eETS- A to C substitution in 7poC at Single base substitution in the
4HC genomic position 4188864 coding region of glpK at genomic

position 4116532
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Supplemental Table C.6: Phenotypic characterization of succinate evolved ETS variants

Strain Growth rate (h~ | Succinate uptake rate Acetate secretion

1 (mmol/gDCW/h) rate
(mmol/gDCW/h)

WT 0.35, 0.40,0.40 | 3.36,4.14,3.87 3.19, 2.68, 2.15

SMOS 0.57,0.62,0.53 |3.71,4.01, 3.49 ND, 0.55, ND

uETS- 0.08, 0.07,0.07 |0.92,0.98,0.93 ND, ND, ND

1H

eETS- 0.53,0.51,0.38 | 3.36,3.35,4.52 1.40, 1.14, 2.17

1H

uETS-

2H 0.40, 0.40, 0.40 | 2.85, 3.04, 3.47 2.97,3.11,3.79

eETS-

2H 0.57,0.58,0.55 |2.96,3.97,4.87 ND, ND, ND

uETS-

3H 0.35,0.34,0.32 | 2.00,2.76,3.16 1.46,2.31,2.16

eETS-

3H 0.53,0.58,0.61 |6.41,5.02,5.35 2.75,3.81,3.73

uETS-

4H 0.45,0.39,0.41 |2.13,2.56,2.40 0.98,1.33,1.33

eETS-

4H 0.60, 0.67,0.62 | 4.42,3.47,3.88 3.01,2.72,2.60

For phenotypic characterization, lineage A has been used. Values for independent biological
replicates have been shown in the table. ND: not detected.
Note - uETS variants have been grown in succinate minimal media and used for comparison.
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Supplemental Table C.7: Phenotypic characterization of glycerol evolved ETS variants.

Strain Growth rate (h- | Glycerol uptake rate Acetate secretion
1 (mmol/gDCW/h) rate

(mmol/gDCW/h)

WT 0.45, 0.42, 0.43 13.14,10.63, 10.07 0.23, 0.81, 0.26

GlyMOS | 0.67,0.70,0.75 | 10.21, 10.90, 14.22 3.46, 3.48, 4.08

uETS-

1H 0.39,0.36,0.43 | 8.28, 8.56, 10.48 1.99, 1.99, 4.88

eETS-1H | 0.82, 0.69, 0.65 | 14.44, 13.85, 10.12 7.00, 6.59,4.79

uETS-

2H 0.43,0.43,0.46 | 6.98, 6.57, 6.69 0.34,0.31, ND

eETS-2H | 0.72,0.68, 0.71 | 22.91, 16.28, 13.46 3.02, 3.65, 3.20

uETS-

3H 0.43, 0.43, 0.43 10.34, 10.55, 10.33 2.53,2.29,2.13

eETS-3H | 0.63,0.62,0.60 | 16.91, 14.31, 13.82 7.09, 6.27, 5.90

uETS-

4H 0.51,0.50,0.48 |6.77,6.19,5.92 ND, ND, ND

eETS-4H | 0.58, 0.64,0.55 | 11.41,10.69, 10.08 2.86,2.62,2.44

For phenotypic characterization, lineage A has been used. Values for independent biological

replicates have been shown in the table. ND: not detected.

Note - uETS variants have been grown in glycerol minimal media and used for comparison.
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Appendix D. COBRAme.org: A web application for solving and
constraining metabolism and expression models

Supplemental Table D.1: K¢ Modifications for DynamicME Replication

Reaction New Kesf
GLYCtpp REV_SPONT 0.0001
GLYK FWD GLYCEROL-KIN-CPLX mod mg2 25.7013
GLYK FWD GLYCEROL-KIN-CPLX mod mn2 25.7013
ICDHyr FWD_ISOC 198.333
ITHASE-CPLX mod mn2

ICDHyr FWD_ISOCITHASE-CPLX mod mg2 198.333
CYTBO3 4pp FWD_CYT-O-UBIOX- 300

CPLX mod pheme mod hemeO mod cu2

CYTBD2pp FWD_ APP-UBIOX-CPLX mod pheme mod hemed |[33.3358

CYTBDpp FWD APP-UBIOX-CPLX mod pheme mod hemed  |33.3358

CYTBDpp FWD CYT-D-UBIOX-CPLX mod pheme mod hemed | 33.4129
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