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Scientific Progress

Executive Summary:

In this project, we investigated (a) how we can build an accurate predictor of E. coli expression and phenotypes in novel
environments, (b) how E. coli adapts in combinations of stresses. To achieve the first aim, we have compiled all publicly
available omics data in E. coli and created the most accurate predictive model that incorporates transcriptomics, proteomics,
metabolomics, fluxomics and phenomics. To address the second challenge, we have performed laboratory evolution of E. coli
for 500 and 1000 generations in 5 abiotic stresses and their combinations, we performed RNA-Seq, DNA-Seq, proteomics and
competition assays to correlate fitness with adaptive mutations. We have identified 16 cases of cross-stress protection and 1
case of cross-stress vulnerability, while providing dozens of new gene targets for further investigation.

Products:
- 5 papers in top specialized or general interest venues: PLoS Computational Biology, Molecular Systems Biology (x2),
Molecular Biology and Evolution, Nature Communications.

- Identification of multiple pathways and genes related to resistance in conditions that are relevant to clinical and industrial
environments.

- Design and development of an omics data integration method, a multi-scale modeling approach based on deep learning, a
network-based approach to integrate mutations, differential expression and phenotypes.

- The Ecomics compendium: a normalized compendium of all omics data available for E. coli: http://prokaryomics.com/

- The project provided partial support for one postdoc and one graduate student.
Technology Transfer
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1. Executive Summary

This project addressed two fundamental questionsystems microbiology. The first is, can
predict microbial expression and phenotypes in howaditions if we use past measurements to
model their cellular state and behavior? The sed®ndow cells adapt in the presence of stress
combinations that are either sequential or simelas. The project has been successful
providing answers in both, leading to new disca®in cross-stress behavior and creating the
most accurate integrative model for microbial phgpe prediction so far.

2. Results

2.1 Not all stress combinations are equal. Some make microbes more resilient, others more
vulnerable to environmental perturbations.

In the real world, microbes are not exposed to que stress; instead they have to cope with a
myriad of simultaneous or sequential environmeftatuations in their natural environment. To
better understand how their behavior changes atinese dimensions, early on in this project we
evolved Escherichia coli cells over 500 generations in five environmentd thalude four
abiotic stressors (acidic, osmotic, butanol, oxiagt [1]. Through growth profiling and
competition assays, we identified several casgositive and negative cross-stress behavior that
span all strain—stress combinations. Resequenkagenomes of the evolved strains resulted in
the identification of several mutations and geneldioations, whose fitness effect was further
assessed by mutation reversal and competition is3agnscriptional profiling of all strains
under a specific stress, NaCl-induced osmotic straad integration with resequencing data
further elucidated the regulatory responses ancge¢hat are involved in this phenomenon.
What we found out is that cross-stress dependemaceesibiquitous, highly interconnected, and
can emerge within short timeframes.
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Figure1 Overview of the experimental setting. E. coliMG1655 cell ines were evolved for 500 generations in five environments with minimal M9 salt media and glucose
as the sole carbon source. These environments included four abiotic stresses (acidic, osmotic, oxidative, and n-butanol stress) and a control medium-only environment.
The relative fitness of all evolved strains was measured under all stresses by competition assays and growth curves. Selected clones from adapted populations were
sequenced and transcriptional profies were obtained by RNA-Seq. Individual mutations from the resequenced clones where associated to phenotypic fitness by
mutation reversals and competition assays. Identified mutations, expression data and relative fitness of the evolved strains under various stressors were analyzed in a
system-level approach.
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Figure 2 Relative fitness of the evolved populations under all environmental conditions. The relative fitness of populations evolved in all five environments was
assessed through competition assays. Fitness refers to Darwinian fitness as measured through competition assays relative to the medium-only adapted population
(G500). (A) Environment-based representation: (1) In the absence of other stressors, all populations showed small differences in fitness; (2) all populations where
significantly more protected in osmotic stress in comparison to the G500 population; (3—4) while the B500 and 0500 populations have high fitness under n-butanol stress,
they showed a small evolutionary trade-off under oxidative stress; (5) Interestingly, 0500 and B500 populations outcompeted P500 under acidic stress. Shaded gray
areas depict the fitness difference between the strain evolved in the respective environment relative to the G500 population. (B) Population-based representation of the
relative fitness data shown in (A). Shaded areas depict the degree of cross-stress protection in each respective environment. Error bars show standard error of the mean
for eight independent competitions; counts for each competition were averaged over two plates in each experiment. Competition assays were obtained over 48 h of
growth with one transfer (1:500 dilution) at 24 h. Supplementary Table S-V summarizes the competition assay results. Source data for this figure is available on the online
supplementary information page.

2.2 Weidentified the genetic basis of cross-stress adaptation. A few genesisall it takes.

We then went on to understand how ybes yoft. pykF 1908
. - . . G500 | | . 1 | ]
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information on the specific genes and hOWigure 3 Mutation map of fixed genetic changes in the evolved strains.

: H The map of mutations identified in E. coli strains evolved for 500 generations.
they confer this selective advantage see [1]'Coordnam are relative to the reference MG1655 genome. The seven identified

mutations in the ancestral genome are not shown here (Supplementary
Table S-IX).

23 We can infer the impact of the
mutation when putting everything together



In a more recent work [2], we created a methodhtegrate mutations, differential expression
and GO/pathway annotation to understand what ar&elg players during cross-stress, short and
long term adaptation. What we found out it that @@ predict fairly accurately the fitness
impact of a mutation from the network structure afolowing a “guilt-by-association”
methodology.
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(B) Highly enriched pathways and their members #énatimplicated in each stress.

2.4 When it comesto prediction, data size does matter.

In [3] we created an integrative Metabolism-Expi@ssmodel of all microarray data so far.
Although that model has now superceded by the Makt#del in [6], one key observation was
that the availability of high quality normalized carorrected data is the key component on
making cellular predictions. In Marbach et al., Ndeth. 2012, the authors used ~800 arrays to



train 30 methods to predict transcription factoDNA interactions as part of the DREAM
challenge. In our work in [3], we use 4 of thosethmes only but we 4x the number of data and
after normalization. The result was a ~23% betterfggmance in TF-DNA prediction
(interactions validated experimentally), arguingttdata quality and quantity is more important
than algorithms when it comes to prediction. Tlkeid Us to spend the next 2 years creating the
best omics compendium ever constructed for a me&rob
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25 Microbial forensics: Predicting celular characteristics and behavior from
transcriptional profiles.

We used the dataset from [3] to train classifierd answer the following two questions: can we
predict microbial traits like growth, environmeiiat the microbe lives in, functionality that it

has, etc. from purely transcriptional profiling enfmation? And if yes, the expression of how
many genes is necessary.

e s
. =804 [ e

The answer is yes, we can andl 4-""'"‘ v
tested our predictors againg go-
growth phase carbon SOUI’Cé, f w Strain (220;120) Medium (130:110) Norfloxacin (230:120)

. ! ) .0 Phase (320:210) Composite (4040;380) == Ampicillin (420:330)
medium, aerobic/anaerobie 404 Carbon (250:220) == Aerobic (810;180)
respltratlon, antibiotic resistance, . ’ y . .

100 1000 2000 3000 4000

etc. In all cases the predictive
performance is more than 80%
[4]. The answer to the second question is 50-30@&egedepending on the environmental and
genetic background. The figure on the right shdved the performance (accurracy here) of the
predictor converges when up to the top 300 mostinétive genes are integrated/

Number ot parameters (genes) selected

2.6 Wefigured out the optimal integration pipeline for normalized omics data

Following our work on [3], we spend 2 years to teeBcomics, the first cohesive, normalized
compendium of the E. coli universe to be used facimme learning. This created a resource with
~4000 transcriptomics, proteomics and metabolomiosiles that have been re-processed from
raw data under the same pipeline and connectednitadata and ontology schemantic fabric.
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2.7 Wecan predict ~0.65 PCC thetraitsand gene expression of E. coli in new conditions

We created the most accurate and advanced predncidedl that exist today. We tested it against
all data that humanity has about E. coli and it paedict gene expression and growth new
conditions with ~0.65 - 0.8 PCC accuracy (next lest.2 PCC), depending how close the new
condition is to one that is already in the compendiTo train the predictor we used ~10,000
cores of the Blue Waters supercomputer (NCSA). Vdidated findings with forward
predictions [6].

For a news alert on this, check this article:
https://phys.org/news/2016-10-crystal-ball-colitesi@.html

or here for a podcast:
http://blogs.ucdavis.edu/eqgghead/2016/10/31/podasputer-model-crystal-ball-e-coli/

The compendium is currently available henégp://www.prokaryomics.com In a related work,
we used protein modeling features to predict enzignaativities and understand which features
are informative for forward predictions [5]. Thisovk was in collaboration with the Siegel Lab
in UC Davis.
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