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Introduction

Recently the development of experimental techniques led to the
exponential increase in the available biological data. This allowed
the investigation of biological systems via a holistic approach and
led to the emergence of systems biology. Metabolism is one of the
most well-known cellular subsystems and therefore a suitable model
for exploring and answering the questions of systems biology. It is
also possible to build mathematical models of metabolism which are
capable of predicting the growth effect of different perturbations like
gene deletion. Evolutionary biology could also profit from the
systems biology approach. Understanding the mapping between
genotype and phenotype is one of the main goals of evolutionary
biology. Genotype-to-phenotype mapping on a systematic scale is

possible with metabolic models (Papp et al., 2011).

Our work aims to answer some of the basic questions of evolutionary
genetics and evolutionary innovations using metabolic models. First,
we investigated the interaction between the growth effects of the
deletion of metabolic genes in a pairwise manner. We also described
the systematic patterns among these genetic interactions (Szappanos
et al., 2011). Second, we examined the importance of underground
activities of enzymes in the evolution of metabolic pathways
(Notebaart et al., 2014).



Investigating genetic interactions by using metabolic
modelling

Genetic interaction occurs when the effect of the simultaneous
deletion of two genes is different than what we expect based on the
effects of the single gene deletions. Genetic interaction can be
negative when the effect of the double mutant is stronger than
expected and positive when the effect is weaker. Genetic interactions
have an important role in the development of diseases with genetic
background (Lehner, 2007) and describing unknown genes (Boone et
al., 2007). Genetic interactions can also shape the adaptive fitness
landscape and therefore affect the trajectory of adaptation (Phillips,
2008).

During our work we simulated the genetic interactions by applying
the flux balance analysis (FBA) method on the yeast metabolic
network (Segre et al., 2005). Predictions of the model were
compared with a systematic experimental dataset of genetic
interactions (data produced in the lab of our collaborator, Charles
Boone). This dataset contains genetic interaction data for more than

176 000 metabolic gene pairs.

Aims

First, we intended to test the capability of the metabolic model to
predict individual genetic interactions and the general patterns of the
network of genetic interactions. Furthermore we planned to develop

an automated method to refine the metabolic model by correcting its
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false predictions. Finally we wanted to test the hypotheses of the

model refinement algorithm.

Methods

e Using FBA to predict the growth effect of single and double
gene deletions.

e Calculating functional pleiotropy of the metabolic genes
using FBA.

o Development of a genetic algorithm-based method to refine

the predictions of the model.

Results

1. Genetic interaction degree correlates with gene dispensability

Experimental genetic interaction datasets show an interesting
pattern: the more interactions a gene has the higher the growth effect
of the deletion of the gene will be (Costanzo et al., 2010). We
confirmed this pattern with the metabolic model as well. After that
we used the model to find a mechanistic explanation to this
phenomenon. One potential explanation is that a gene with multiple
genetic interactions has multiple biological functions (show high
pleiotropy) as well. Our results showed that there is a strong negative
correlation between the number of biosynthetic processes affected by
a gene (that is, pleiotropy) and the dispensability of the gene.
Besides, pleiotropy and the genetic interaction degree show positive
correlation. Based on this we assume that the effect of deletion of
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genes with multiple biological functions (highly pleiotropic) is
influenced by several other genes, each which compensate a different

biological function of the highly pleiotropic gene.

2. Metabolic model captures only a minority of empirical
interactions

Genetic interactions among metabolic genes were calculated using
FBA and compared with the experimental dataset coming from the
Boone lab. We found that experimentally identified interactions are
highly overrepresented among predicted interactions confirming that
in silico genetic interactions are biologically relevant. However, the
model captures only a small fraction of the interactions in the
experimental dataset. We intended to improve this shortcoming of
the model.

3. Automated refinement of the metabolic model

In order to improve the accuracy of the model to predict genetic
interactions we developed a machine-learning method that
automatically generates hypotheses to explain negative interaction
between genes. Our method minimizes model mispredictions
globally by creating and evolving a population of modified models.
Several modifications were suggested that, together, considerably
improved the fit of the model to our genetic interaction map (100—

267% increase in recall and 44-59% increase in precision).



4. Experimental validation of the refinement of the in silico NAD
biosynthesis pathways

Our automated algorithm revealed that the removal of only one or
two reactions from the model corrects the prediction of four negative
interactions between alternative NAD biosynthesis pathways. That
is, the algorithm deleted one of the three NAD biosynthesis
pathways available in the yeast model. We failed to find yeast
homologs for the enzymes of this pathway suggesting that the
presence of this pathway in the yeast model is the result of
misannotation. Next, we interrogated the metabolic model to deduce
specific predictions for experimental testing. We tested these
predictions experimentally and confirmed that the investigated third
NAD biosynthesis pathway is indeed not available in yeast.
Laboratory experiments were carried out by my colleague Béla
Szamecz. Our results show that machine learning methods coupled
with high-throughput experimentation, have the potential to close the
iterative cycles of generating and testing new hypotheses, leading to

at least partial automation of biological discoveries.

The evolutionary importance of underground
metabolic reactions

It is well known that many enzymes have limited substrate
specificities and can catalyze, albeit at low rates, reactions other than

those for which they have evolved. These so called underground



reactions are prevalent, their activities are low but mutations can
increase it (Khersonsky and Tawfik, 2010).

Understanding the way how new metabolic pathways evolve is one
of the main goals of evolutionary biology and systems biology. The
prevailing theory is that new pathways are patched together from
already existing enzymes coming from different parts of the network.
Underground activities have a key role in this evolutionary process.
Our aim was to understand the importance of underground reactions

in the adaptation to new environmental conditions.

Aims

Our knowledge about how underground reactions can act as an
evolutionary raw material in the evolution of new metabolic
functions is limited. Do underground reactions remain isolated, or
can they potentially be wired into the native network and allow the
organism to survive in novel environments? How often can
underground reactions cause a new beneficial phenotype? To answer
these questions we systematically collected a list of well-known
underground activities of E. coli enzymes and integrated them in a

genome-wide E. coli metabolic model.



Methods

e Collecting E. coli underground reactions and integrating
them in the metabolic network using the BRENDA database
and literature data.

o Applying FBA method to simulate the fitness effect of
underground reactions.

e Analyzing underground  activities  with  protein

overexpression experiments.

Results

1. Underground reactions can be wired into the native E. coli
metabolic network

We tested whether the collected underground reactions share their
substrate and product with the native reactions or they are isolated.
We found that only 22% of the underground reactions are isolated
from the rest of the metabolic network and 45% can be fully
integrated therefore capable of building new biochemical pathways

in association with the native reactions.

2. Underground reactions can provide fitness advantage under
certain conditions

In order to estimate the evolutionary potential of underground
reactions we calculated their fitness advantage in 2754 in silico
conditions. We found 19 conditions where the presence of an

underground reaction is essential extending the number of conditions



available for the E. coli model with 2.9%. This result shows that
underground reactions have a great evolutionary potential
considering that the underground reactions extend the metabolic
model with merely 10.8%. Besides, in further 31 environments
underground reactions provided a clear quantitative growth

advantage.

3. Investigating the growth effect of single underground
reactions

In the next step we calculated the fitness effect of integrating each
underground reaction separately to the native network. We found
that in every condition where underground reactions are essential the
presence of a single underground reaction is enough. Besides, it is
rare that the same reaction is beneficial in multiple conditions, that

is, the growth effect of the underground reactions is conditional.

4. In silico predictions of the effect of underground reactions
overlap with experimental data

In order to validate our simulations we compared our data with the
results of a systematic experimental screen. Our experiments are
based on the fact that the effect of underground activities can be
enhanced by overexpressing the enzyme. We overexpressed 4269 E.
coli gene in 194 conditions, each containing a different carbon
source. Laboratory experiments were carried out by my colleague
Balint Kintses. We found that our in silico model could predict 44%
of the conditions emerged from the experimental screen. Moreover

the overlap between the experimental and predicted condition — gene



pairs was 2 orders of magnitude higher than randomly expected.
These results suggest that our network of in silico underground
reactions already covers a significant part of the evolutionary raw

material available for short-term adaptation to novel environments.
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