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ABSTRACT

COVID-19 is one of the deadliest respiratory diseases, and its emergence caught the pharmaceutical industry off guard.
This study presents a novel workflow to predict robust druggable targets against emerging RNA viruses using metabolic
networks and information of the viral structure and its genome sequence. For this purpose, we implemented pymCADRE and
PREDICATE to create tissue-specific metabolic models, construct viral biomass functions and predict host-based antiviral
targets from one or more genome sequences. We observed that poymCADRE reduces the computational time of flux variability
analysis for internal optimizations. We applied these tools to create a new metabolic network of bronchial epithelial cells
infected with SARS-CoV-2 and identified enzymatic reactions with inhibitory effects. The most promising reported target was
the Nucleoside Diphosphate Kinase (NDPK1), for which the literature reports inhibitors. Additionally, we predicted further
lipids-related enzymatic candidate targets that involve cholesterol, phospholipids and sphingolipids. Finally, we computationally
tested the robustness of our targets in all known variants of concern, verifying NDPK1’s inhibitory effect. Since our workflow
focuses on metabolic fluxes within infected cells, it is applicable for rapid hypothesis-driven identification of potentially exploitable
antivirals concerning various viruses and host cell types.

Availability: https://github.com/draeger—lab/pymCADRE/.

Keywords:  pymCADRE; host-virus interactions; tissue-specific model; COVID-19; SARS-CoV-2; antiviral targets; flux
balance analysis; flux variability analysis; reaction knockout; host-derived enforcement; metabolic modeling; virus mutations;
nucleoside diphosphate kinase; software engineering; Python

i Introduction cells of a living organism and re-program them to form other 2
virus particles and accelerate their own reproduction. Their 25
life cycle is divided into four main steps: host cell attachment, 24
penetration, reproduction within the host cell (uncoating, gene 25
expression, replication, and assembly), and release®. To in- 2
crease their mass production, they consume energy from the =7
host cell. This dependency is proved by experimental findings 28
showing considerable metabolic flux alterations in host cells 2o
upon infection®. To this end, engineering the host metabolism s
to govern viral infections is of great interest. In fact, one of &
the largest classes of small-molecule antiviral drugs, the nucle- a2

> In a study published in October, 2007, scientists studying
s coronaviruses characterized the situation in China as a tick-
s+ ing “time bomb” for a potential virus outbreak'. They had
5 three strong indications to worry: the animal-related eating
¢ habits in southern China, the previous appearance of Severe
7 Acute Respiratory Syndrome Coronavirus (SARS-CoV)-like
s viruses in horseshoe bats, and the ability of coronaviruses to
s undergo recombination. Since the first major pandemic of the
10 new millennium in 2002, over 4,000 publications on coron-
11 aviruses became available, giving insights and leading to the

discovery of 36 SARS-related coronaviruses in humans and
animals. Eighteen years later, the whole world experiences the
realization of this prophecy with the emergence of the Coron-
avirus Disease 2019 (COVID-19) to be one of the deadliest
respiratory disease pandemics since the “Spanish” influenza
in 1918, Scientists globally try to understand the host’s im-
munopathological response, how the novel virus Severe Acute
Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) adapts,
and how it spreads.

Viruses, being infectious agents, replicate only within the
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oside and nucleotide analogs, target metabolic enzymes in the 33

nucleotide synthesis resulting in a nucleotide pool imbalance”.

Examples of such analogs that are already used against RNA
viruses are ribavirin®, acyclovir’, and remdesivir®. Systems-
level analysis of gene knock-outs upon bacterial infection
with bacteriophage lambda also revealed metabolic genes that,
when knocked-out, prevented the phage from replication’,
confirming the engineering of host metabolism as a virus
growth regulator.

These laboratory findings highlight the impact of viral
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biosynthesis on host metabolism and the importance of me-
tabolic alterations in the virus growth minimization. Hence,
finding a suitable Virus Biomass Objective Function (VBOF)
that reflects the functions of the infected cell is of immense
interest. The VBOF is a pseudo-reaction simulating the pro-
duction of the different virus particles and is analogous to the
biomass function used for the metabolic models of prokary-
otes and eukaryotes. It consists of energy metabolites, nu-
cleotides, and amino acids, essential for the replication and
production of genetic material and proteins. In 2018, Aller et
al. presented a computational approach to create viral ob-
jective functions and predicted critical host reactions of the
human macrophages against epidemic viruses, like the Zika
virus'®. The applicability of their method was verified by
recovering antecedent antiviral targets and predicting new
ones.

Notwithstanding the recent therapeutic advances and the
approval of multiple vaccines, COVID-19 remains a substan-
tial global health threat. Currently, great efforts are initiated to
detect effective antiviral treatments for this pathogenic agent.
Like all viruses, SARS-CoV-2 continuously evolves over time
as modifications in its genome occur during replication. Such
alterations are typical for viruses that encode their genome in
RNA, as enzymes that copy the ribonucleic acid are prone to
making errors leading to the presence of copying mistakes dur-
ing viral replication'!. It has been reported that SARS-CoV-2,
along with all coronaviruses, has relatively low mutation rates
(~1-107° per site per cycle) compared to other RNA viruses,
like HIV-1 or influenza viruses'>'®. This is ascribed to the
presence of proofreading and error-correcting enzymes that
recognize and repair copying mistakes hindering the devel-
opment of anti-CoV drugs and vaccines'*. SARS-CoV-2 en-
codes an exonuclease (ExoN) in the non-structural protein
14 (NSP14), which participates in the genome proofreading
mechanism and results in low mutation rates (or high viral
fidelity)'>'¢. The 5° region of the SARS-CoV-2 genome
encodes for two open reading frames (ORF1a/ORF1lab and
ORF1b) which include 16 non-structural proteins (N SPs)! 718,
These are followed by four structural proteins: nucleocapsid
(N), envelope (E), the spike (S) and the membrane (M), and
nine accessory proteins (NS)'7> 1%,

At the time of writing, five variants of SARS-CoV-2 have
been designated as Variants of concern (VOC) by the World
Health Organization (WHO). These are the Alpha (14"
December, 2020, United Kingdom (UK), lineage B.1.1.7),
Beta (18th December, 2020, South Africa, lineage B.1.351),
Gamma (2“d January, 2021, Brazil, lineage P.1), Delta (24th
March, 2021, India, lineage B.1.617), and Omicron (24th
November, 2021, South Africa/Botswana, lineage B.1.1.529)
variants'”. These differ from the conventional virus in terms
of their pathogen properties (e.g., transferability, virulence,
or susceptibility to the immune response of recovered or vac-
cinated people). Mutations on the structural proteins occur
most frequently and issue complications en route to pathogen-
esis. The most common mutation of the S protein is the non-
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synonymous replacement of aspartate by glycine (D614G),
which is found to decrease the virus effectivity’’. Mutations
in the E protein have not been reported in any variants, except
the Beta and Omicron. These are the substitution of proline
by leucine (P71L)*', and the exchange of the hydrophilic
threonine by the hydrophobic isoleucine (T9T)%°.

Identifying potential targets and druggable compounds is of
vast concern, and one way to detect them is by analyzing meta-
bolic changes in infected cells. This can be achieved with the
help of systems biology and the reconstruction of cell-specific
Genome-scale Metabolic Models (GEMs) that recapitulate
the metabolism of particular cell types”*>*. Targeting the host
metabolism has already been suggested as a prospective novel
antiviral approach, given the relevance of metabolism in virus
infection®. Since the emergence of SARS-CoV-2 and within
a year several studies have been published trying to identify
antiviral targets using constraint-based metabolic modeling
and utilizing various approaches and resources’*~*!. For in-
stance, a recent study by Bannerman et al. used a draft model
of the airway epithelial cells built from Recon1??, refined it
using Recon3D?? further databases, and predicted drug tar-
gets against SARS-CoV-2. However, they used pre-existing
reconstruction tools and models to obtain a representation of
the tissue metabolism.

In 2012 Wang et al. published the metabolic Context-
specificity Assessed by Deterministic Reaction Evaluation
(mCADRE) algorithm to construct metabolic models based
on human gene expression data and network topology in-
formation. This tool is implemented in MATLAB>*, and its
functionality is based on the first version of the human model,
namely Reconl1??. This resulted in its limited usability in
the last few years since MATLAB is a commercial and closed-
source software.

Here, we present pymCADRE, a re-implementation of
mCADRE in Python striving for a more accessible and up-
dated version of the reconstruction tool. Additionally, we
implemented scripts for data pre-processing facilitating rel-
evant curation tasks, such as assigning confidence scores to
reactions, binarizing raw transcriptomic data, and calculating
gene ubiquity scores. Pathological studies already pointed
out that SARS-CoV-2 targets the airways and the lungs®-3°.
The entry and infectivity of enveloped viruses are strongly
regulated by proteolytic cleavage of the viral envelope glyco-
proteins®’. In the case of SARS-CoV-2, the S protein, when
bound in the cell surface, is susceptible to airway protease
cleavage, which results in conformational change favoring
the entry of the virus®’ into human bronchial epithelial cells.
Further single-cell analyses provided insights into the virus
replication and the cell tropism, confirming that infection
with SARS-CoV-2 is also localized in the bronchial epithe-
lial cells*®*. Hence, we applied pymCADRE to create a
novel tissue-specific model of the human bronchial epithelial
cell (BEC1) based on the already available human metabo-
lic network, Reconl. We updated the model by including
a biomass maintenance function Bordbar et al. published in
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We subsequently infected this model in silico with the novel
SARS-CoV-2 virus by constructing a viral biomass reaction
derived from its structural information. Therefore, we created
a fully automated computational tool in Python, Prediction of
Antiviral Targets (PREDICATE), which applies the stoichio-
metric approaches introduced by Aller ef al. on a metabolic
network, constructs a single VBOF, and creates an integrated
host-virus model'’. These approaches have already been ex-
tended and employed in the context of SARS-CoV-2>"-3" also
regarding a distinct tissue type, the human macrophages”®.
Subsequently, our tool predicts exploitable cellular metabolic
pathways that can be inhibited to suppress virus replication
with minimal or no effect on the cell. This is attained us-
ing two approaches: the Host-derived enforcement (HDE)'?
and single-reaction knock-outs. We applied our automated
script to our tissue-specific model Recon1-BEC1 and detected
potential host-based targets for future COVID-19 therapeu-
tic strategies. We further used our tool and validated the
robustness of our predicted targets against all five variants
of concern. We underline the identified metabolic reactions
as experimentally exploitable drug targets for suppressing
SARS-CoV-2 replication in human bronchial epithelial cells.
We syntactically validated our model and compared it against
the corresponding model reconstructed using mCADRE.

Altogether, our novel workflow can be summarized in a
four-step process, as shown in Figure 1, which is fully trans-
ferable to any existing RNA virus and any host cell. With
this we aim to further support the development of effective
therapies against emerging viruses and their mutations.

Results

Tissue-specific reconstruction using pymCADRE
The pymCADRE tool was developed to reconstruct tissue-
specific metabolic models based on human gene expression
data and topological information from the metabolic net-
work. Like mCADRE, pymCADRE leverages gene expres-
sion microarray data, literature-derived evidence, and infor-
mation from the network topology to build context-specific
metabolic models. More accurately, it uses a fully automated
way to determine core reactions by setting a threshold to
expression-based evidence. Therefore, reactions with scores
above this threshold are characterized as core reactions, while
the rest constitute the non-core set (more details in the Mate-
rial and Methods section). To test the functionality of pym-
CADRE and increase its ability to create multiple models
of human cells, specifically related to the current outbreak
of SARS-CoV-2, we applied pymCADRE to a microarray
expression profile dataset of the human bronchial epithelial
cell (BEC1). Prior to reconstruction, we incorporated a Bio-
mass Objective Function (BOF) to the first version of the
human metabolic network, Recon132, and used it as a generic
host human model.

The objective function originates from the human alveo-
lar macrophage model published by Bordbar et al. in 2010
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(supplementary file S0)*°. We updated the resulting model by
adding subsystems to all the missing metabolic reactions from
Reconl. A subsystem-wise classification in Figure 2 indicates
that most reactions in the final Recon1-BEC1 model belong
to the class of transport reactions, while the biosynthesis of
other secondary metabolites is the least represented subsys-
tem. Moreover, in Reconl, there is no growth medium defined,
and all extracellular transport reactions are open, i.e., lower
fluxes equal —1,000.0 mmol/(gDW - h). Additionally, we de-
fined a minimal growth medium using the Constraints-Based
Reconstruction and Analysis for Python (COBRApy)** pack-
age with necessary components. The exact minimal medium
definition is provided in the supplementary file S3.

The new integrated tissue-specific model Recon1-BEC1
contains 1,341 reactions, 1,081 metabolites, and 1,044 genes
(Table 1). Almost 70 % of all reactions is associated to a gene-
protein-reaction rule (930; 775 metabolic and 155 transport
reactions), while 248 metabolic and 164 transport reactions
are not related to any gene. We observed that pymCADRE re-
duces the pruning time while maintaining the highest possible
accuracy compared to the model created with mCADRE (Ta-
ble 1). With a 3.3 GHz processor and 16 GB random-access
memory (RAM) on a local computer, mCADRE with FVA
demanded ~6 CPU-hours, while pymCADRE ~5 CPU-hours.
Totally 1,272 blocked reactions were eliminated from Reconl
during the consistency check. Furthermore, 1,130 reactions
(36 core and 1,094 non-core) were inactive in the cell type
of interest and removed from the generic model during prun-
ing. Inconsistencies were encountered in the performance
of FASTCC as implemented in COBRApy. After multiple
runs, the function detected a variable number of blocked re-
actions. This affected the final pruned model, which differed
from the ground truth. However, internal optimizations with
FASTCC were executed faster compared to FVA. Duplicating
the available RAM can reduce the computational time of the
pymCADRE twofold.

After the tissue-specific reconstruction, we refined the
model using Recon3D?** and HumanCyc*’. We further ex-
tended the models by adding missing exchange reactions to all
extracellular metabolites (42 in the mCADRE and 43 in the
pymCADRE model). The final reconstructions shared over
1,370 reactions, meaning an overlap of 99 % of all reactions
in each model. Hence, we have a considerable convergence
between the tools, indicating the high quality of models gener-
ated with pymCADRE. Table 2 lists the symmetric difference
between both models.

Additional analysis using Flux Balance Analysis (FBA)
allowed us to study the flux dispersion between the host and
virus and conclude which reactions are vital for both host
maintenance and virus growth. Explanatory Data Analysis
(EDA) showed that non-zero fluxes are mostly fluctuating
above zero (Figure 3a). Totally 19 numerically distant values
(outliers) were observed (Figure 3b). Inspection of the flux
distribution vector showed that there is higher flux through the
carbon metabolism (ENO, GAPD, LDH_L, PGK, PGM, PYK,
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Figure 1. Workflow overview to reconstruct integrated host-virus genome-scale models and detect promising
compounds with an antiviral activity. After collecting and curating the required data (the gene expression data and the human
metabolic network), pymCADRE reconstructs a tissue-specific model using information from the network topology. The
reconstructed metabolic network is then infected in silico with the virus of interest and is used to detect promising antiviral
targets in an automated process. Detailed description of the process and the respective algorithm, called PREDICATE, is
provided in Figure 7. Reaction knock-outs and the host-derived enforcement are used to detect exploitable enzymatic targets
that keep the host maintenance at 100 %, while suppressing the virus replication. The resulted top hits are further inspected
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TP1I, and FBA). Furthermore, the glutamate dehydrogenases
(GDHm and GLUDym) are used remarkably more by the virus
to achieve the optimal growth state, compared to the host cell.

Similar to mCADRE, pymCADRE encompasses function-
ality tests to ensure the fulfillment of the resulting models’
basic cellular metabolic capabilities. These tests include the
production of various metabolites, such as amino acids and
compounds from the Tricarboxylic Acid Cycle (TCA) when
the uptake of glucose is enabled*®. Additional to this, we
tested our model for internal cycles that result in erroneous en-
ergy production by testing the production of different energy
metabolites when no nutrients are available.*” Our final model
did not include any futile cycles since none of the metabolites
could be generated.

The new tissue-specific model created with pymCADRE
was converted into SBML Level 3 Version 2** format using
the Systems Biology Format Converter (SBFC)*’ and passed
the syntactical validation using libSBML™. Additionally, the
Metabolic Model Testing (MEMOTE) suite Version 0.11.1
was used to assess the GEM quality’'. MEMOTE reports for
a given GEM an independent and comparable score along
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with a comprehensive overview. This test reported a score
of 70 % for our integrated model, which indicates a well-
annotated model. Other similar models posses lower quality
scores 404 compared to our Recon1-BEC1 model.

To test that pymCADRE functions as expected, we im-
plemented test scripts, which are available at https://
github.com/draeger—lab/pymCADRE/.

Since we purposed to use the model to detect possible anti-
SARS-CoV-2 targets, we also included a VBOF that imitates
the production of virus particles from its different constituents.
Following the pipeline developed by Aller et al.'’ and ex-
tended by Renz et al.’?, we created this pseudo-reaction and
used it to infect the new model (Reconl-BEC1) in silico.
The human bronchial epithelial cell’s biomass maintenance
function (BOF) encompasses amino acids, DNA and RNA
nucleotides, and compounds vital for energy supply, and other
macromolecules like fatty acids and phospholipids. Similarly,
the VBOF contains amino acids, RNA, lipids, and energy-
related compounds (Table A4, Figure A13), as well neces-
sary lipids. Analysis of both functions highlights leucine
as the most-used amino acid (highest stoichiometric coeffi-
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Table 1. Analysis results of the BEC1-specific reconstructions using Flux Variability Analysis (FVA) for internal
optimizations. The reaction overlap between both models is at 99 %.

Pruned Model Removed Reactions

Reactions Metabolites  Genes Cores Non-cores
mCADRE 1,343 1,080 1,905 36 1,092
pymCADRE 1,341 1,081 1,044 36 1,094

Amino acid metabolism

Biosynthesis of other secondary metabolites
Cofactors and vitamins

Transport

Nucleotide metabolism

Lipid metabolism

Carbonhydrate metabolism

Miscellaneous

Exchange/Sink/Demand

Figure 2. Subsystem-wise classification of all reactions included in Recon1-BEC1. The reaction pathways are merged
based on metabolic pathways and according to Kyoto Encyclopedia of Genes and Genomes (KEGG)**. The biomass reaction
was assigned to “Miscellaneous.” The majority of reactions in the final Recon1-BEC1 model are transport reactions, while the
least amount of reactions is assigned to the biosynthesis of other secondary metabolites subsystem.

s« cient) in the SARS-CoV-2 growth and the maintenance of the
host bronchial cells, while both host and virus utilize only
a few tryptophan (Figure 4). Moreover, the same amount
of asparagine and phenylalanine is required for the mainte-
nance of the host cell, while the virus needs less phenylala-
nine. Similar pattern was observed for tyrosine and histidine.
Using FBA, optimization of the Recon1-BECI1 for the host
resulted in a flux for the biomass maintenance function of
0.099 mmol/(gDW - h), while optimizing the SARS-CoV-2
growth function resulted in a flux of 0.0113 mmol/(gDW -h).

305
306
307
308
309
310
311
312

313

Stoichiometric modeling of the integrated host-virus
model predicts targets against SARS-CoV-2

To analyze the host-virus interactions from a metabolic point
of view, we created an integrated stoichiometric model of
human bronchial epithelial cells infected with SARS-CoV-2.
We then used our model to detect host-based reactions, which,
when constrained, reduce the virus production the most. Ac-
cording to Aller et al., this analysis can be computationally
implemented through systematically setting individual lower
and upper bounds to zero (i.e., reaction knock-outs)'”. Ap-
plying this approach, we identified a single target enzyme,

314

315
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which if knocked-out, completely inhibits the virus while
keeping the host maintenance at 100 % of its initial growth
rate. This enzyme is called NDPK1 (EC-Number: 2.7.4.6)
and enables the conversion of Adenosine Triphosphate (ATP)
and Guanosine Diphosphate (GDP) to Adenosine Diphos-
phate (ADP) and Guanosine Triphosphate (GTP) (KEGG Re-
action ID: RO0330):

ATP + GDP —= ADP + GTP.

To verify our findings, we applied the HDE'®>%, We con-
strained all reaction fluxes to ranges obtained from FVA, al-
lowing the attainment of host-optimal state and suppressing
the virus production at most. This approach verified the enzy-
matic target NDPK1 and revealed further possible compounds
that could inhibit the viral production. The adapted bounds for
NDPKI1 led to a decrease in the virus growth of almost 63 %
of its original value with no effect on the host’s maintenance
(100 % of the maintenance rate). Further 60 enzymatic targets
with inhibitory effects on the virus production were reported
using the HDE approach. These concerned, for instance, the
transport and extracellular exchange of L-histidine (BiGG
IDs: HISt4 and EX_hist__ 1_e), as well as reactions
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(b) The fluxes through GDHm, GLUDym, HDCAt, and THD1m are

summary (Table A6). Remarkable outliers with a flux value greater higher when the model is optimized for the virus growth. Overall, all

than 1.0 mmol/(gDW - h) or less than —1.0 mmol/(gDW - h) were
investigated separately (b).

displayed reactions are important for both the host maintenance and
the virus growth.

Figure 3. Flux dispersion among host and virus in the Recon1-BEC1 model. Distribution of host and virus fluxes as

derived from FBA.

Table 2. Symmetric difference of reactions in the models
created by mCADRE and pymCADRE.

mCADRE
DM_dttp_m DTTP demand

DNDPt20m DTDP transport via ATP antiport

DTMPK DTMP kinase

PROtm L-proline transport, mitochondrial

ARTPLM2 Palmitate conversion

FUMtm Fumarate transport, mitochondrial

G3PDlir Glycerol-3-phosphate dehydrogenase (NAD+)
pymCADRE

DNDPt 34m DGDP transport via dTDP antiport

DNDPt44m DTTP transport via ATP antiport

EX_glyc_e Exchange of glycerol

GLYCt Glycerol transport via channel

PROD2m Proline dehydrogenase, mitochondrial

PIt2m Phosphate transporter, mitochondrial

from the cholesterol metabolism (HMGCOARx, HMGCOAS,
SQLEr, and LNSTLSr), the terpenoid backbone biosyn-
thesis (DMATTx, IPDDIx, PMEVKx, DPMVDx, MEVKIX,
and GRTTx), and various transporters (e.g., CO2ter, and
PPItx). These reactions, when constrained, could lead to a
decrease in the viral production by 56 % to 58 % of the initial
growth. Figure 5 illustrates all antiviral targets predicted using
HDE against the percentage of the remaining virus growth
after constraining the reaction bounds. Detailed information
about all reactions is included in the supplementary material
SI.

The Guanylate Kinase (GK1) (EC-Number: 2.7.4.8, KEGG

Nantia Leonidou et al.
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Reaction ID: R00332) has been recently identified as an es-
sential component for viral propagation and as a potential
target for antiviral therapies against SARS-CoV-2 in the hu-
man alveolar macrophage model’® and further cell lines””3!.
Renz et al. firstly showed that GK1 could decrease the virus
production up to 50 % without damaging the macrophages’
maintenance (100 %)*°. Our host-derived enforcement on
the bronchial epithelial cells also reported GK1 as a potential
anti-SARS-CoV-2 target, however, with lower impact on the
virus production compared to NDPK1. Constraining GK1 in
our model resulted in 58.7 % virus production.

Interestingly, NDPK1 is closely interconnected with
the already identified robust target GK1 in the purine
metabolism (Figure 6). Both are transferases, and more specif-
ically, phosphotransferases with a phosphate group as ac-
ceptor. GK1 produces GDP which is subsequently used by
NDPK1 to generate GTP. Both GDP and GTP are catalyzed
by the enzymes ribonucleoside-diphosphate (RNDR2) and
ribonucleoside-triphosphate (RNTR2) reductase, respectively.
Similarly, a decreased viral growth in the human bronchial ep-
ithelial cells could be caused by targeting neighboring enzyme,
NDPK1. From this, we suggest that focusing on the purine
metabolism, and more specifically on the action of one of
the two enzymes to inhibit SARS-CoV-2 is a well-established
approach that needs to be validated in vitro and in cell culture
experiments.

Metabolic fluxes are highly affected by the nutrients’ avail-
ability. Since our approaches mainly focus on studying the
metabolic changes in infected cells, fluxes play a major role
in the simulation outcomes. So far, we have focused on a
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Figure 4. Amino acid usage between host and virus
based on the stoichiometric coefficients. The two panels
show the amino acid composition of the host maintenance
function (left) and the virus biomass (right). The amino acids
are annotated using the one-letter code (Table AS). Both host
and virus use mostly leucine (L) for their
maintenance/growth, while tryptophan (W) is needed at least.
The same amount of asparagine (N) and phenylalanine (F) is
required for the maintenance of the host cell, while the virus
needs less phenylalanine. Similar pattern can be observed for
tyrosine (Y) and histidine (H).

minimal growth medium computed using linear optimiza-
tion™3. Additionally, we examined the virus inhibition that
our targets could reach using the blood medium”*. With the
blood medium defined, NDPK 1 and GK1 showed the same in-
hibitory effect (single-reaction deletions: 100 % virus suppres-
sion, HDE: 62.5 % virus suppression) against SARS-CoV-2
and proved to be robust hits among various simulation condi-
tions. Compared to the minimal defined medium, the inclu-
sion of lipids in the composition of the viral biomass function
using the blood medium resulted in a novel enzymatic hit
target, the diacylglycerol acyltransferase (DGAT). DGAT re-
sulted in a decrease of 66 % of the virus growth. This is a
key enzyme in the lipid droplet formation and catalyzes the
acyl-CoA-dependent synthesis of triacylglycerols from diacyl-
glycerols. Although we observed a variation in the secondary
resulted enzymatic targets when using different growth media,
NDPK1 and GK1 remained robust and promising host-based
targets. The HDE-derived metabolic targets using the blood
medium are shown in Figure A10 and the medium definition
is provided in the supplementary file S3.

Altogether, we created a fully automated computer tool,
which simulates the virus growth in target cells with the help
of metabolic networks. Subsequently, our tool applies the
above-mentioned host-dependent approaches, host-derived
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enforcement, and reaction knock-outs, and predicts enzymatic
targets with high inhibitory potency against the virus.

Predicted targets are robust against all known vari-
ants of concern

Novel mutations of RNA viruses emerge daily, and as of
February, 2022, five SARS-CoV-2 variants have prevailed
and spread since its emergence in 2019. These are the Alpha
(B.1.1.7), Beta (B.1.351), Gamma (P.1), Delta (B.1.717.2),
and Omicron (B.1.1.529) variants' and have been marked
as VOC. Since the beginning of the COVID-19 pandemic,
there has been an exponential growth in the number of stored
genome sequences within large databases. The WHO asked
all scientists around the world to upload their data on the
Global Initiative on Sharing All Influenza Data (GISAID)
database and help accelerate the response against health
threats to humankind®®. In January, 2020, the GISAID’s
EpiCoV™ database launched, becoming the most popular
repository for SARS-CoV-2 as it gathers over eight million
viral sequences by February, 2022. To examine the variants’
effect on the predicted metabolic targets, sequences for all
VOC were downloaded from GISAID and investigated fur-
ther.

We reconstructed a SARS-CoV-2 VBOF using the same
approaches as with the reference (wildtype) sequence for each
retrieved mutated sequence. We reconstructed 100 individual-
ized biomass functions and tested each to detect enzymes that
inhibit the virus’s growth while keeping the host maintenance
at maximum. To speed up the reconstruction and analysis
processes, we developed an automated script to analyze more
than one sequence simultaneously (Figure 7). Additionally,
we implemented an algorithm to modify reference protein
sequences and introduce amino acid mutations (replacements,
insertions, deletions, and duplications) and named this tool
PREDICATE. Since RNA viruses are composed of similar
building blocks, nucleotides, and proteins, our pipeline can
be applied to any single- or double-stranded RNA virus that
could infect any cell or tissue type.

To evaluate the mutations’ effect on the viral biomass, we
calculated the mean of all estimated coefficients across all
mutated sequences and compared them against the Wild-
type (WT) stoichiometries. We did this by looking at the
variant-wise differences to the WT. Figure 8 shows how much
the variant-wise calculated mean of coefficients deviates from
the stoichiometries calculated for the reference sequence. We
observed a remarkable increase in the stoichiometric coeffi-
cients of ATP and ADP between the Omicron variant and the
WT. This pattern is mainly distinct to the ATP and ADP but
is observed for the majority of the stoichiometric coefficients.
We analyzed the mathematical calculations that led to the stoi-
chiometric coefficients to explain this further. All coefficients
depend on the total viral molar mass M,,, which is derived from
the sum of the mass of the genome (G;) and proteome (G )'".
The randomly downloaded genomic sequences of the Omi-
cron variant contained a higher amount of NNN stretches (i.e.,
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Figure 5. Enzymatic targets of SARS-CoV-2 from the HDE experiments applied to the Recon1-BEC1 model. Potential
antiviral targets were reported when the virus rate of growth with shifted bounds was beneath the threshold of 50 % of its initial
growth rate. NDPK1 with adapted bounds led to a remarkable virus decrease without affecting the host’s maintenance.

NDPK5m

Figure 6. Graphical illustration of the interconnection
between NDPK1 and GK1 in the purine metabolism using
the Systems Biology Graphical Notation (SBGN)**. To
annotate reactions and metabolites, Biochemcial, Genetical,
and Genomical (BiGG) identifiers were utilized. Biological
map created with Newt> .

nucleotides that could not be determined via sequencing) com-
pared to the other variants. Consequently, the Omicron variant
has a decreased count of nucleotides (G;) and amino acids
(G)), thus a lower total molar mass M,.. Moreover, the overall
moles of energy (ATOT) needed to assemble the structural and
non-structural proteins strongly influences the stoichiometric
coefficient of ATP'?. The ATOT is related to the total amino
acids counts (X;). Overall, the Alpha variant included more
deletions in the spike (H69del, Y144del, and V70del)
and NSP6 (F108del, G107del, and S106del) proteins
compared to the Omicron variant. The same holds for the
Beta, Gamma, and Delta variants. This affected the X;, which
was higher for the Omicron variant. Altogether, a decreased

Nantia Leonidou et al.
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total viral molar mass and a higher total amino acids count
resulted in the apparent rise of the ATP and ADP stoichio-
metric coefficients for the Omicron variant. Accordingly, the
absolute differences between the WT and the Omicron variant
are higher than the rest.

When looking at the differences between the amino acids
and the WT stoichiometric coefficients, a noticeable increase
in the Omicron Variant can be observed for lysine. For this
reason, we inspected the respective amino acid mutations. In
more than half of the Omicron-related genomic sequences,
other amino acids were more often replaced by lysine (Spike
N440K, Spike N764K, Spike N856K, Spike N96 9K, Spike
T478K, Spike N679K, Spike T54 7K, and N R203K). In con-
trast, the substitution of lysine by other amino acids is rarely
occurred (NSP3 K38R and Spike K41 7N). This also affected
the stoichiometric coefficient of asparagine. As most of these
mutations emerge in the spike protein, which has the high-
est copy number, their impact on the amino acid count, and
consequently, the stoichiometric coefficient, is considerable.
Among the variants for which a higher coefficient was com-
puted for asparagine than the WT, the greatest increase was
observed for the Delta variant. This could be justified by the
presence of mutations, in which mostly an amino acid is being
replaced by asparagine (Spike D950N, M S197N, NSP16
H186N, NSP3 K1693N, NSP8 K37N, and NSP3 K902N). A
substitution of asparagine by another amino acid occurs only
in three mutation types. Thus, overall there is an increase in
the total amount of asparagine, and therefore, in the stoichio-
metric coefficient for the Delta variant. Lastly, the Omicron
variant needs the least glutamine (—0.013) and the most lysine
(0.015) compared to the WT.

To verify the validity of our calculations, we searched in
the literature to find evidence about the amino acid compo-
sition of the different variants. For instance, we observed
higher stoichiometric coefficients of charged and hydropho-
bic residues in the Omicron variant compared to the Delta.
Recently, computational analyses indicated in the Omicron
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Figure 7. Overview of PREDICATE developed to create viral biomass reactions and predict host-based antiviral
targets using host-virus models. First of all, our algorithm, PREDICATE, modifies the amino acids in the protein sequence
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variants of a single virus. The number of genomic input sequences equals the number of the calculated VBOF. The Materials
and Methods section describes the implemented approaches to predict antiviral targets. Figure created with BioRender

(BioRender.com).

variant an increased amount of arginine, lysine, aspartate, and
glutamate that contribute to the formation of salt bridges’”.
The same study pointed out the accumulation of the hydropho-
bic residues, phenylalanine and isoleucine, in the spike protein
of same variant®’.

After investigating the mutations’ impact on the viral sto-
ichiometric coefficients, we tested the effectiveness of the
previously identified targets against the SARS-CoV-2 vari-
ants repeating the single-reaction deletions and HDE experi-
ments. Our single-reaction knock-outs indicated NDPK1 to
be the only potent antiviral inhibitor. All host-based targets
detected from the HDE analysis to have an inhibitory effect
on SARS-CoV-2 for all variants are shown in Figure 9. Tar-
gets were reported as potentially effective when the virus
growth rate with altered bounds was lower than the threshold
of 50 % of its initial growth rate. The NDPK1 was reported
to have the highest virus inhibitory effect across all variants
of concern. After its inhibition, the virus growth dropped to
~37.5 % of its initial growth in the host cell. Further possible
compounds were found to inhibit the viral production while
keeping the host at maximum. Six enzymatic targets from the
cholesterol metabolism and one transport reaction were de-
tected to be WT-specific: DHCR242r, DHCR72r, LSTO2r,
EBPlr, C3STDH1Pr, C4STMO2Pr, and LYSt4. Except
for NDPK1, GK1 was a common target, which constraint led
to a reduced virus growth (~41.3 %), however not as effective
as NDPK1. Moreover, the five SARS-CoV-2 variants shared
eight additional hits with the WT that reported inhibitory
effects. Our integrated host-virus model suggested the sup-
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plementation of L-histidine, L-threonine, L-lysine, L-proline,
and L-tryptophan in the host’s environment as potential targets
with an inhibitory effect of ~42 % to 43 % virus reduction, en-
suring the cell’s maintenance. Similarly, enforcing the import
of L-proline, L-histidine, and L-tryptophan via the associated
transport reactions (PROt 4, HISt4, and TRPt4) reported
same inhibitory effects and results in a virus suppression of
~42 % to 43 % of the initial growth. Similar patterns of the in-
hibitory effect were observed between the five SARS-CoV-2
variants and the WT. Enriching the host’s environment with
L-choline, a phospholipid precursor, showed a remarkable
inhibitory effect only for the WT and the Beta and Omicron
variants.

Existing drugs and inhibitors could target predicted
enzymes to hinder the growth of SARS-CoV-2

The computational approaches used here allowed the pre-
diction of diverse enzymatic targets that could inhibit the
SARS-CoV-2 replication in human bronchial epithelial cells.
Single-reaction knock-out analysis reported a single possi-
ble antiviral target, namely NDPK1. The host-derived en-
forcement verified this target and predicted further 60 reac-
tions. For these targets, we evaluated their corresponded
enzymes considering already existing approved drugs using
the BRENDA*! and DrugBank*’ databases. We found vari-
ous hitherto approved drugs and compounds that target some
of the predicted reactions and could inhibit them, including
those targeting the very promising enzymes NDPK1 and GK1.
Table 3 lists examples of already existing drugs that inhibit
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Figure 8. Variant-wise comparison of stoichiometric coefficients derived directly mutated sequences and the Wildtype.
The difference between the average stoichiometric coefficients of the individual variants and the reference sequence was

computed. Red color highlights decreased stoichiometric coefficients in the variants, while increased coefficients are colored by
blue. A remarkable increase can be observed in the stoichiometric coefficients of ATP and ADP between the Omicron variant
and the Wildtype. The stoichiometries of charged and hydrophobic amino acids were higher for the Omicron variant. All in all,

the variations between mutants and Wildtype are very small.

our predicted anti-SARS-CoV-2 target reactions. These com-
pounds and drugs could be used as an indication to validate
the computational predictions made here experimentally.

Like all living cells, virus-infected cells require nucleotides
to synthesize deoxyribonucleic and ribonucleic acid to
strengthen their proliferation. Hence, nucleotide metabolism
is regulated establish constant pools of pyrimidines and
purines. Various drugs targeting the nucleotide metabolism
in viral infections represent a therapeutic approach to limit
viral replication. There are two main strategies to rewire the
nucleotide metabolism: via purine and pyrimidine analogs
(i.e., modified nucleosides used to stop DNA or RNA poly-
merase) or directly inhibiting the enzymes involved in DNA
and RNA synthesis. Our predicted targets NDPK1 and GK1,
are involved in the purine and pyrimidine metabolism.

We conducted extensive literature research and highlighted

Nantia Leonidou et al.
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a nucleoside analog named acyclovir as an already approved
drug against the action of NDPK1 and GK1 (Table 3). In acy-
clovir, the sugar in the deoxyguanosine is substituted by an
acyclic side chain, a (2-hydroxyethoxy)methyl substituent, at
position nine. The viral DNA polymerase is competitively
inhibited by acyclovir which acts as an analog to deoxyguano-
sine triphosphate (dGTP). This results in chain termination
since the adherence of further nucleosides is prevented by the
absence of the 3’-hydroxyl group®” %3

The second approach is the direct inhibition of enzymes
related to nucleotide synthesis. In the past few years, diverse
enzyme inhibitors have been known to treat viral infections.
One such antiviral, merimepodib, targets the action of inosine-
5’-monophosphate dehydrogenase (IMPDH) and has already
beeen tested against emerging RNA viruses (e.g., Zika, Ebola,
Lassa, Junin, and Chikungunya viruses)**. Dihydroorotate
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Figure 9. Results of the host-derived enforcement applied to all known variants of concern. The range and effect of
reaction inhibitions on the VBOF were calculated while keeping the host’s maintenance at 100 %. Only targets predicted across
all retrieved sequences for a single variant were considered robust and were examined further. Empty cells in the heatmap
represent targets that were not predicted as potential inhibitors for the corresponding variant. NDPK1 showed the highest
inhibitory effect against the virus at all studied variants, followed by GK1. Enriching the host’s environment with L-choline
showed a remarkable inhibitory effect only for the WT and the Beta and Omicron variants.

dehydrogenase (DHODH) inhibitors have also been reported
to be effective against arenaviruses in human cell lines®.
However, knock-out analysis in these reactions reported a
virus growth of 100 % in our bronchial epithelial cells model.

Additional examples of inhibitors that we identified
with our methods are the 3-hydroxy-3-methylglutaryl-
CoA (HMG-CoA) reductase (HMGCOARx) and the geranyl-
transtransferase (GRTTx). Both were reported as potential
SARS-CoV-2 inhibitors showing 58.4 % virus reduction. The
DrugBank and BRENDA databases list lovastatin and iban-
dronate as known drugs with known inhibitory effect against
the two enzymesTable 3.
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Conclusion and Outlook

Studying human metabolism guides the understanding of di-
verse diseases by determining the cells’ health. The exis-
tence of high-quality genome-scale reconstructions facilitates
systems-based insights into metabolism. As complex organ-
isms, humans embody multiple cell and tissue types, each
with different functions and metabolisms, leading to the es-
sential use of cell- or tissue-specific metabolic networks to
enable the accurate prediction of the cells’ metabolic behav-
ior. Here, we presented pymCADRE, a re-implementation
of mCADRE*® in Python that allows the reconstruction of
tissue-specific human models based on human gene expres-
sion data and network topology information. Similar to the
original mMCADRE algorithm, pymCADRE consists of three
parts: (1) ranking, (2) consistency check, and (3) pruning,
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Table 3. Exemplary selection of already approved drugs that act against proteins associated with our predicted
anti-SARS-CoV-2 target reactions and could possibly used for antiviral therapies. All listed drugs have known
pharmacological action and are sorted based on the predicted percentage of virus reduction. NDPK1 with constrained fluxes

resulted in considerable SARS-CoV-2 inhibition.

Reaction EC-Number Approved drug Reference Predicted %
(PubMed ID) virus reduction

NDPK1 2.7.4.6 Acyclovir 7159465 62.5

GK1 2.7.4.8 Acyclovir 1316735 58.7

GRTTx 2.5.1.10 Ibandronate 11160603%° 58.4

HMGCOARX 1.1.1.34 Lovastatin 1208255°! 58.4

enabling the user to choose between two optimization meth-
ods, FVA and FASTCC, to check for model consistency. We
enriched our implementations with data pre-processing scripts
that simplify multiple data curation tasks.

We used our tool to create a tissue-specific model of
the human bronchial epithelial cell (BEC1) to investigate
SARS-CoV-2 infections. We used the human metabolic net-
work Reconl as a generic model to test our tool to avoid
high computational costs. When FVA was used, pymCADRE
proceeded faster than mCADRE, maintaining the highest pos-
sible similarity to the ground truth, i.e., the mCADRE-derived
model. The two models showed a reaction overlap of almost
100 %, suggesting a substantial similarity between both im-
plementations and demonstrating confidence about the quality
of the pymCADRE models. Since we did not modify the
initial mCADRE algorithm, the varying amount of reactions
in the final tissue-specific models suggests variable perfor-
mance among built-in functions in COBRAToolbox®® and
COBRApy*’. More specifically, we observed divergent re-
sults among the two programming languages when FASTCC
was employed. In both cases, the function is implemented as
described by Vlassis et al.%”; however the pythonic version
detected a varying number of blocked reactions after multiple
runs. The bug has already been reported and awaits resolve.
Additionally, the detected inactive reactions were dissimilar
compared to the reactions in the mCADRE model. This was
not the case when the COBRApy methods,

flux_variability_analysis ()
or
find_blocked_reactions ()

from the package & cobra.flux_analysis were em-
ployed. Moreover, the current version of FVA in MATLAB
only supports the industrial proprietary CPLEX versions older
than V 12.10°®. The latest solver release, V 20.1 (released
in December, 2020), does not yet include MATLAB-related
binaries, and hence, FVA from the COBRAToolbox is of re-
stricted use. This problem is resolved by pymCADRE, as
the latest version of COBRApy enables the users to choose
among the open-source GLPK package and the CPLEX solver
from IBM to perform optimization tasks. Another reason for
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the divergent performance among both tools could be the im-
plementation of organic exchange/demand reactions detection.
We achieved this in a more powerful and fully automated
script. Thus, pymCADRE detected four additional organic
exchange/demand reactions in Reconl, affecting the result of
consistency checks. The utilized human generic model, Re-
conl, does not include a BOF. We updated the generic human
model by including a BOF extracted from the macrophage
model published by Bordbar ez al.*".

Furthermore, we used our model and simulated an infec-
tion with the SARS-CoV-2 to better understand the host’s
impact on the virus and vice versa. For this purpose, we
generated a SARS-CoV-2 VBOF based on the protocol of
Aller et al. to create an integrated metabolic model aiming
the analysis of host-virus interactions and the identification of
effective targets for antiviral therapeutic strategies'”. They re-
covered already known antiviral targets for the Chikungunya,
Dengue, and Zika viruses within the human macrophage cell,
verifying their approach’s robustness. As Aller et al. sug-
gested, FBA and FVA can be employed to predict essential
host reactions, especially in cases of novel viruses. Two differ-
ent computational experiments achieved this: single-reaction
knock-outs and host-derived enforcement. Both approaches
highlighted NDPK1 as a novel promising target to restrict the
SARS-CoV-2 growth without harming the host. Among the
detected targets, the already identified enzymatic target found
for the macrophage and the lung models, GK1%792 was re-
ported only by the host-derived enforcement. However, GK1
constrained, showed lower impact on the viral replication com-
pared to NDPK1. Both NDPKI1 and GK1 fall into the purine
metabolism and are tightly coupled. This implies and verifies
that drugs targeting the nucleotide metabolism exemplify a
common therapeutic strategy to restrict SARS-CoV-2 replica-
tion. We conducted extensive literature and database search
and found acyclovir as an already known inhibitor of both our
targets from the purine synthesis pathway. So far, acyclovir
is the standard gold treatment of infections with the herpes
virus and the Varicella-Zoster Virus (VZV)”-%°. In the con-
text of SARS-CoV-2, acyclovir has been proposed in studies
as a drug with an antiviral potential against coronaviruses’’,
more specifically SARS-CoV-2 concurrently with signs of
reactivation of VZV’!. The authors assumed that this reacti-
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vation is coupled to the unusually low count of lymphocytes
(Iymphopenia) in the COVID-19 patients’ blood.

Besides that, we predicted lipids-related enzymatic candi-
date targets that involve cholesterol, phospholipids and sphin-
golipids. More specifically, most of the HDE-derived targets
are located in the cholesterol metabolism, which has been
reported to play a vital role upon SARS-CoV-2 infections.
Lipids per se are essential in viral infections, as they are vital
components of cellular and viral membranes. They regulate
the viral fusion, replication, and release’?. Besides that, lipids
affect the host’s metabolism to produce fatty acids for their
own needs. It has been shown that suppression of fatty acid
synthesis resulted in down-regulation of viral replication’”.
They have also been discussed in the literature to result in
alterations of viral metabolic fluxes of SARS-CoV-22°-*!, En-
gineering the cholesterol metabolism has been studied as an
appealing therapeutic method in COVID-19 infections. The
essential lipid cholesterol is found in cell membranes and
plays an important role in controlling the conformations of
transmembrane proteins and their fluidity. Like all lipids,
cholesterol plays an important role in the initial stages of
virus-host interactions by regulating the virus adherence to
the cell membrane and its entry into the host cell'”-7*7>. From
our reported targets, the enzyme SQLSr catalyzes the reaction
that produces squalene, an intermediate in the biosynthesis of
human steroids and direct precursor of cholesterol. Inhibiting
SQLSr leads to lower levels of cholesterol. Moreover, inhi-
bition of lanosterol synthase (LNSTLSr) has already been
reported to remarkably suppress replication of Rhinovirus in
primary normal human bronchial epithelial cells’®.

So far, statins have been widely used to prevent and treat
cardiovascular diseases since they serve as lipid-lowering
HMG-CoA reductase inhibitors. Statins suppress HMG—CoA,
which is vital for cholesterol synthesis, leading to decreased
levels of harmful low-density lipoproteins (LDL)’’. More-
over, they have prevalent pleiotropic consequences, including
anti-thrombotic, anti-inflammatory, and immune-regulatory
effects’®.  Several studies have reported the direct rela-
tion of lipids, more specifically cholesterol, to the replica-
tion of the positive-sense single-stranded SARS-CoV and
SARS-CoV-279-82 With an extensive database search, we
found available approved drugs, like lovastatin, simvastatin,
atorvastatin, and rosuvastatin, with pharmacological action
against our targets from the cholesterol metabolism. Reiner et
al. showed that rosuvastatin and lovastatin could efficiently in-
hibit the main protease (MP™®) of SARS-CoV-2, a key enzyme
in the replication machinery and proteolytic maturation®*. Our
literature search revealed studies that have already highlighted
targeting the cholesterol metabolism using statins as an effi-
cient treatment strategy against other single-stranded viruses.
Glitscher et al. suggested novel cholesterol-regulating antivi-
rals against the hepatitis E virus (HEV) that rely on the the
increased viral release caused by decreased cholesterol lev-
els®*. Additionally, lovastatin has been studied in the context
of the negative-sense single-stranded respiratory syncytial
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virus (RSV). Gower et al. confirmed the inhibitory effect of
lovastatin in vivo and in vitro with respect to RSV infection®’.
Finally, a recent observational study based on a large popu-
lation sample highlighted statins’ negative correlation to the
COVID-19 mortality®°.

Moreover, we tested two different growth media to validate
the robustness of our predicted targets. GK1 was shown to
be more effective against the virus with the blood medium
defined, compared to the minimal defined medium. Us-
ing both media, NDPK1 demonstrated the same inhibitory
effects, while diacylglycerol acyltransferase (DGAT) con-
strained within the blood medium showed a higher effect
on virus replication. DGAT resulted as prominent hit target
only after the incorporation of various lipids in the viral bio-
mass composition. The inhibitory effect of DGAT has already
been examined in the context of SARS-CoV-27%-87-8  These
studies identified lipids, most specifically triacylglycerols, as
inducers of SARS-CoV-2 metabolic dysregulation and high-
lighted DGAT as a potential antiviral target. Besides this, we
observed that the chosen medium could strongly influence the
resulting secondary metabolites, and this needs to be exam-
ined in more detail.

We further validated the robustness of our host-based tar-
gets against all five variants of concern (Alpha, Beta, Gamma,
Delta, and Omicron). To accelerate the VBOF reconstruction,
we developed PREDICATE to analyze multiple sequences for
a single variant rapidly and in an automated way. Within this
tool, we also implemented an algorithm to modify reference
protein sequences and introduce amino acid mutations. Our
implementations are transferable to all RNA viruses, as they
are composed of the same building blocks. Firstly, we eval-
uated the mutations’ effect on the computed stoichiometric
coefficients variant-wise for the corresponding mutations. The
high stoichiometric coefficients for ATP and ADP are conse-
quences of decreased total viral molar masses and increased
total amino acid counts. We observed increased use of ly-
sine in the Omicron variant because most mutations replace
amino acids with lysine. The opposite effect was observed in
Omicron for asparagine. All single-reaction deletions across
all variants highlighted NDPK1 as a potential robust antiviral
inhibitor. The NDPK1 also proved by HDE to have the high-
est inhibitory effect against SARS-CoV-2, without harming
the host cell. Besides that, supplementation of L-histidine, L-
threonine, L-lysine, L-proline, and L-tryptophan in the host’s
environment shown to interrupt the virus’s growth in all five
SARS-CoV-2 variants.

Future improvements need to be done to make pymCADRE
computationally feasible with more complex and more com-
prehensive models, including Recon2.2® and Recon3D?*.
Currently, pymCADRE and mCADRE need a great amount of
computational time to complete the first part of the algorithm
when a more complex generic model, like Recon3D, is used,
which is the ranking of reactions. Both tools are automati-
cally killed during pruning as there is no sufficient memory for
them to process further reactions. However, we used Recon3D
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to fill missing knowledge in our model Recon1-BEC1. Our
targets’ effectiveness needs to be verified in more updated net-
works that better represent the human metabolism. However,
our integrated bronchial-specific metabolic model could be
further expanded and investigated regarding the consequences
of any upcoming mutation in the predicting antiviral targets.
Models created by pymCADRE could be utilized to simulate
the interaction of bacterial pathogens or symbionts and detect
potential antiviral targets for drugs against emerging viruses
on different host cells quickly. This new software provides
the basis for systematic studies of a wide range of integrated
computer models for host-pathogen interaction. It reduces the
time for creating such models maintaining the highest possible
similarity compared to the ground truth model. Our methods
are based on the metabolic fluxes of infected cells and the
interactions between the host cell and the virus. The latter
remain unaffected by evolutionary changes. This, together
with the fact that virus replication generally depends on con-
served cellular pathways, drastically increases the likelihood
of identifying druggable targets with broad antiviral activity.
In addition, our predicted host-based targets are derived based
on human patient data increasing thus their clinical relevance
and their potential to achieve higher efficacy in COVID-19
therapies. Our database-derived drug compounds have already
been suggested for other single-stranded RNA viruses, such
as SARS-CoV-2, opening up the potential of experimentally
verifying their safety, toxicity, and efficacy in cell culture ex-
periments and in in vitro assays. Moreover, their optimum
dosage and route of administration at different infection stages
must be determined.

Altogether, we propose a complete workflow to create
constraint-specific models and use them to predict host-based
antiviral targets based on metabolic changes in infected cells.
Our pipeline applies to RNA viruses that infect host cells,
remarkably reduces the duration of target identification and
compound selection, and accelerates the pre-clinical phase.
Focusing on the metabolic changes of infected cells, we aim
at applying our methods for rapid identification of potential
antiviral targets to efficiently prevent future pandemics con-
cerning various viruses and host cell types.

Materials and Methods

Overview of pymCADRE
The tool can be executed via the command line using:

python pymcadre.py
or using the provided Jupyter notebook named:

main_pymCADRE. ipynb

The package can also be found on the Python Package Index””
(https://pypi.org/project/pymCADRE/) and can
be installed using:

pip install pymcadre
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Ranking of reactions

The first step in the pymCADRE pipeline is the ranking of
all reactions found in the generic model, as Wang et al. pro-
posed*®. The ranking relies on three criteria: expression-
based evidence, connectivity of reactions within the model,
and confidence-based evidence. The assignment of evidence
scores to reactions aims their division to cores and non-cores.

After binarizing the gene-expression data, the frequency of
a gene’s expression across all experiments of the same tissue
is computed; this is the ubiquity score U (g) for each gene g:

VgeG:U(g>=ﬁZXg,n (1

neN

where N is the total number of samples and X, , € {0,1}
denotes the absence or presence of the gene g in sample n € N.
For instance, if a gene is expressed in three of five samples,
its ubiquity score will be 0.6. These scores are mapped to
the corresponding reactions based on Gene-Protein-Reaction
associationss (GPRs). That is the expression-based evidence
E,(r) and can be either the minimum or maximum of two
ubiquity scores depending on the respective GPRs rule: AND
or OR. The expression-based evidence ranges from zero to
one, indicating how likely a reaction is present in the selected
tissue. More specifically, a score of zero represents a non-
active reaction, while reactions with Ey(r) > 0.9 define the
core set.

Afterwards, non-core reactions are ranked based on the
connectivity-based evidence E,(r), using the network topol-
ogy information of the generic model. This score defines in
which order the reactions should be removed during pruning.
The stoichiometric relationships in matrix S are applied to
determine whether two reactions are connected. A pair of
reactions are considered to be linked if they share at least one
metabolite. For this purpose, a so-called weighted influence
WI(r) is calculated as the ratio between E,(r) and the outgo-
ing influence of each reaction, i.e., the number of reactions
connected to it. Then, the actual connectivity-based evidence
is determined by the sum of the weighted influences of all
reactions adjacent to reaction r. In Figure A11 we graphically
illustrate the computation of each score using a toy metabolic
network comprising six reactions and four genes coming from
four samples. Lastly, the confidence level-based evidence
E,(r) is the third measure of evidence for non-core reactions
and indicates the level of biological evidence for the generic
model.

Check Model Function

After classifying the reactions into cores and non-cores, pym-
CADRE tests the model’s ability to produce key metabolites
from glucose. These include compounds in the TCA and
glycolysis, non-essential amino acids, and more. Totally, 38
metabolites were tested based on previously described cri-
teria and used to evaluate similar models by the authors of
mCADRE*. This list can be expanded and modified utilizing
metabolomics data to include tissue-specific metabolites or
known abilities of the tissue of interest.
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Model Pruning

The last step of pymCADRE is to sequentially remove each
non-core reaction in a reversed order, i.e., beginning from
those with the lowest calculated evidence*®. The respective
reaction will be removed if, and only if, its elimination does
not prevent the model from producing key metabolites and the
set of core reactions remains consistent. This consistency is
tested by determining each reaction’s minimum and maximum
flux while ensuring that at least one is zero.

More specifically, firstly, the production of precursor meta-
bolites is checked. If this test fails, there is no need to check
for model consistency with FVA or FASTCC (time-saving step).
If the test leads to successful results, the set of inactive cores
and non-cores is determined, and the algorithm moves on with
the removal of reactions. Reactions with zero expression will
be removed with their corresponding inactive core reactions
if sufficiently more non-cores are pruned. On the other hand,
if the reaction has expression evidence, pymCADRE only
attempts to remove inactive non-cores.

Integration of transcriptomic data in a human
genome-scale metabolic model

The functionality of pymCADRE was tested using gene ex-
pression data of human bronchial epithelial cell (BEC1) down-
loaded from the Gene Expression Omnibus (GEO) database
(accession number: GSE3397)”!. The derived experimental
data was generated using the GPL570 microarray platform
and contained four control samples, each with 54,675 exper-
iments’”. Each sample file encompasses information about
the probeset ID, the average intensity of probe intensities for
a specific gene, and an absolute call value (i.e., P = present,
A = absent, and M = on the borderline detection), which in-
dicates whether messenger Ribonucleic Acid (mRNA) has
been detected for that specific gene or not, meaning whether
it is expressed or not. All data obtained from GEO underwent
manual curation and pre-treatment with scripts that we pro-
vided together with the pymCADRE source code. The first
curation step involved collecting confidence scores from the
Virtual Metabolic Human (VMH) database, assigned to all
reactions in the model. Then, the raw sample transcriptomic
data was enhanced with two new information, gene symbol
and Entrez identifiers. During binarization, genes present in
the sample took the value of one, while marginal and absent
calls were assigned to zero. Lastly, the essential ubiquity
scores were calculated to represent a single gene’s expression
frequency across all samples.

The literature-based Recon1°” was obtained from the BiGG
database” and was used as a generic host human model. Tt
consists of 3,741 reactions, 2,766 metabolites, 1,905 tran-
scripts, and 1,497 unique genes. We also incorporated a BOF
to Reconl since it does not include one. For this purpose,
we used the objective function from the human alveolar ma-
crophage model published by Bordbar e al. in 2010*°. The
biomass reaction with the identifier biomass_lbec repre-
sents the cellular maintenance requirements such as the ATP
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maintenance.

In the Recon1 model, there is no constraint growth medium
defined; thus, all extracellular transport reactions have a min-
imum flux value of —1,000.0 mmol/(gDW -h). This means
that all exchanges are allowed to carry a flux (rich medium),
resulting to unusually high cell growth rates. We have defined
here a minimal growth medium using the COBRApy built-
in function*?, which contains only essential components for
growth. Since the availability of nutrients has a major impact
on the metabolic fluxes, we re-ran our simulations using the
blood medium’>. The exact compositions of both media are
provided in the supplementary file S3.

We manually expanded our model by adding missing ex-
change reactions to all extracellular metabolites. We also
updated all reaction annotations in our tissue-specific model,
Reconl-BEC]I, by assigning KEGG IDs** and retrieving the
corresponding pathways using the KEGG Representational
State Transfer (REST) Application Programming transfer
Interface (API). These subsystems were incorporated into
the model as additional annotations to each reaction with
the biological qualifier type BOB_OCCURS_IN. The reac-
tion pathways were merged into main classes based on the
KEGG classification system (https://www.kegg. jp/
kegg/pathway.html). Additionally to the functionality
checks incorporated into the mCADRE and consequently into
pymCADRE, we examined the presence of futile cycles in
our final tissue-specific model. As Fritzemeier et al. proposed,
we tested the production of energy-generating compounds
by including energy dissipation reactions and disabling the
external uptake of all metabolites*’. Our final model could
not produce any of the tested metabolites, meaning no futile
cycles were included. The test compounds are listed in the
supplementary file SO.

The reconstructions were conducted using a 3.3 GHz pro-
cessor and 16 GB RAM, while MEMOTE! and the SBML
Validator from the libSBML>" were employed to assess the
model’s quality.

Stoichiometric reconstruction of SARS-CoV-2 bio-
mass objective function

Similar to the biomass production function used for microbial
metabolic models, the VBOF is a single pseudo-reaction imi-
tating the production of different virus particles. It consists of
nucleotides, amino acids, and components necessary for en-
ergy supply. The SARS-CoV-2 virus biomass objective func-
tion was created as proposed by Aller ef al.'” and as extended
by Renz et al.’>. The approach considers the viral structure
and its genome sequence, the subsequently encoded proteins,
and their copy number, as well as the energy requirements
for nucleotide and peptide bonds'®. The viral genome and
protein sequences were downloaded from the National Centre
for Biotechnology Information (NCBI) nucleotide database’*
(accession number: NC_045512. 2, accessed in May, 2020).
The genome copy number (G,) and the number of copies of
each of the non-structural proteins (C,,) was assumed to be
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one'’. Moreover, the copy number of structural proteins was
set to 1,000 for membrane proteins (C,,), 456 for nucleocap-
sid phosphoproteins (C,), 120 for spike proteins (C;), and 20
for envelope proteins (C,)*”.

The SARS-CoV-2 falls into the fourth Baltimore group
of viruses (Group IV, positive-sense single-stranded RNA
viruses)?, i.e., it synthesizes mRNA with the help of a tem-
plate “-” single RNA antisense strand. Thus, the count of
nucleotides in the positive strand equals the number of nu-
cleotides in the complementary negative strand. The total
moles of each nucleotide in a mole of virus particle were
obtained by summing up the nucleotides in the positive and
negative strand and multiplying this by the genome copy num-
ber. The moles were then converted into grams of nucleotide
per mole of the virus by multiplying them with the respective
molar mass of the nucleotides'”. Similar calculations were
conducted for the amino acids, as well. Eventually, the stoi-
chiometric coefficients of each nucleotide and amino acid in
the VBOF were calculated using the total viral molar mass'".

For the estimation of the energetic requirements, the ATP
requirement per amino acid polymerization and the pyrophos-
phate liberation during the polymerization of nucleotide
monomers were considered. As proposed by Aller et al.,
four ATP molecules and one pyrophosphate molecule are
participating in the formation of nucleotide and amino acid
polymers, respectively'". Subsequently, the total molar mass
of the virus was calculated as the sum of all genome and
proteome components.

Finally, to account for the lipid requirements we
included phosphatidylcholine (pchol_hs_c), phos-
phatidylethanolamine (pe_hs_c), phosphatidylinositol
(pail_hs_c), phosphatidylserine (ps_hs_c), cholesterol
(chsterol_c), and sphingomyelin (sphmyln_hs_c)
into the viral biomass function. Renz et al. examined the
influence of lipids with various stoichiometric coefficients
in the viral biomass function and the prediction of antiviral
targets. However, they did not incorporated the lipid
composition of a single virion into their final viral function®®.
Thus, we computed stoichiometric coefficients for these lipids
from the surface area of a virion as suggested by Nanda et
al.”s.

The generated final VBOF was appended into Reconl-
BECI, with a lower bound of zero and an upper bound of
1,000. The individual VBOF components and their stoichio-
metric coefficients are listed in Table A4.

Prediction of host-based antiviral targets
Subsequent analysis of Recon1-BEC1 allowed us to identify
metabolic targets for antiviral therapies. As proposed by
Aller et al., FBA and FVA can be used to predict essential
host reactions, especially in cases of novel emerging viruses'.
This can be computationally achieved in two different ways:
via single knock-out analysis or via HDE.

The single-reaction knock-out analysis investigates the ef-
fect of individual reactions with no flux. Both lower and upper

Nantia Leonidou et al.

Target prediction against SARS-CoV-2

d0i:10.20944/preprints202203.0290.v2

bounds were systematically set to zero once with BOF as the
objective function and once with the VBOF. Metabolic targets
were reported when the host growth rate was higher than the
virus growth rate and when more than 99 % of the initial host
growth rate was maintained.

A less harmful approach for the cell is the host-derived
enforcement. As Aller ef al. suggested, herein method, the
reaction fluxes are constraint to FVA-derived ranges so that
the maintenance of the optimal host state is achieved while
reducing the virus propagation. For our analysis, we used an
updated version of this method as modified by Renz er al.>>.
The re-calculated flux ranges for every reaction were then
utilized, and the model was optimized for the VBOF. The
resulting optima for the virus production were compared to
the original optimal value. Hence, potential antiviral targets
were reported when the virus growth rate with altered bounds
was beneath the threshold of 50 % of the initial growth rate.
Additionally, to ensure a reduction of the virus replication, we
keep only targets that had a non-zero flux when the VBOF
was optimized. Our Recon1-BEC1 model was examined for
potential antiviral targets using both methods.

Testing targets’ robustness against all known vari-
ants of concern

To test our targets’ robustness, we examined the consequences
of concerning SARS-CoV-2 mutations on our predicted meta-
bolic targets. As of February, 2022, five SARS-CoV-2 VOC
are known to differ from the conventional virus in terms of
their pathogen properties (e.g., transferability, virulence, or
susceptibility to the immune response of recovered or vac-
cinated people). These are the Alpha, Beta, Gamma, Delta,
and Omicron variants'’. Genomic sequences of patients in-
fected with SARS-CoV-2 were retrieved from the GISAID’s
EpiCoV™ database’®. For each variant, we randomly se-
lected 20 sequences adjusting only the location and variants
filters as follows: (i) Europe/United Kingdom for VOC Alpha
GRY (B.1.1.7+Q.*), (ii) Africa/South Africa for VOC Beta
GH/501Y.V2 (B.1.351+B.1.351.2+B.1.351.3), (iii) South
America/Brazil for VOC Gamma GR/501Y.V3 (P.14+P.1.%),
(iv) Asia/India for VOC Delta GK (B.1.617.2+AY.*), and
(v) Africa/Botswana and Africa/South Africa for VOC Omi-
cron GRA (B.1.1.529). We investigated 100 sample sequences
in total. To calculate the amino acid investment per virus,
we used the annotated protein sequence of the SARS-CoV-2
reference genome (NCBI accession: NC_045512.2) and
the mutation information extracted from GISAID. All used
datasets and tested mutations are provided in the supplemen-
tary material S2.

We calculated the stoichiometric coefficients of growth-
related constituents for each mutated sequence and recon-
structed for each one a VBOF as described in the previous
sections. To speed up the calculations, we implemented
PREDICATE, an automated script, which takes as input one
or more genome sequences and computes the metabolic stoich-
iometry using information from the viral genome, the encoded
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proteins and their copy numbers, and the energetic require-
ments (Figure 7). The amino acid coefficients are calculated
using the reference protein sequence, which our algorithm
mutates by introducing all reported mutations (replacements,
insertions, deletions, and duplications) extracted from the
metadata. Afterwards, each VBOF is integrated into a given
cell-specific metabolic network, in our study Recon1-BECI,
to create a host-virus model. Lastly, PREDICATE applies
single-reaction knock-outs and HDE to the integrated model
resulting in experimentally testable and robust metabolic virus-
suppressing targets. Our script also generates different plots,
providing insights into the dataset and a better understanding
of the results. To evaluate the mutations’ effect on the viral
biomass, we computed the mean of all estimated coefficients
across all mutated sequences and compared them against the
WT coefficients.

PREDICATE can be applied to either one or more nu-
cleotide sequences and all existing RNA viruses. This makes
it particularly advantageous and time-saving to simultaneously
study multiple viruses and variants.

Data and Code availability

The computational host-virus model Recon1-BECI1, as well
as the source code of pymCADRE, test scripts, test dataset,
and a script to create VBOF and predict enzymatic host-
based targets are available in a git repository at https:
//github.com/draeger—lab/pymCADRE/. Supple-
mentary tables in Microsoft Excel format are available along
with this article. The SBML model”**” of the SARS-CoV-2-
infected bronchial epithelial cell is available at the BioModels
Database’® as an SBML Level 3 Version 2 file*® distributed as
Open Modeling EXchange format (OMEX) archive”. Access
the model at https://www.ebi.ac.uk/biomodels/
MODEL2202240001.
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Figure A10. Results of the host-derived enforcement after defining the blood growth medium. After constraining the
fluxes of NDPK1 and GK1, 37.5 % of the initial virus remained in the host. Compared to the minimal defined medium,
diacylglycerol acyltransferase (DGAT) was proved to have a great impact on the virus growth leading to a decrease of 66 %.
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Figure A11. Overview of the evidence-based ranking of reactions in pymCADRE. The evidence-based ranking of
reactions in pymCADRE is conducted similarly to mCADRE and consists of three main parts: (A) After binarizing
tissue-specific data, the frequency of a gene’s expression across all experiments of the same tissue is computed; this is the
ubiquity score U(g) for each gene g. The expression-based evidence E(r) is computed for each gene-associated reaction r
from ubiquity scores. Reactions with a sufficiently high E,(r) value are denoted as core reactions. Non-active reactions have
zero expression-based evidence. (B) Non-core reactions are ranked based on the connectivity-based evidence E.(r), using the
generic models’ network topology and the weighted influence WI(r). Figure re-created from Wang et al.*®.
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Figure A12. Hierarchical organization of the pymCADRE code and its dependencies. The three main scripts are colored
with purple, while intermediate scripts are orange-colored. First of all, the rank_reactions.py module is executed,
followed by prune_model.py. The module check_model_function.py is connected to main and intermediate
scripts and is used multiple times within a single run.
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Figure A13. Categorization of the compounds needed for
the growth of SARS-CoV-2. The VBOF includes totally
four nucleotides, five energy-related metabolites, 20
proteinogenic amino acids, and six fatty acids.
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s Supplementary Tables

Table A4. Overview of compounds and their

stoichiometric coefficients in the SARS-CoV-2 biomass Table A5. Amino acids and their three-letter and
function. From the listed metabolites, adp_c,h_c,pi_c one-letter codes, and their molecular weight used to
and ppi_c are the products, while the rest the reactants. construct the SARS-CoV-2 VBOF. The molecular weights
were derived from the ChEBI database'?"
Metabolite Stoichiometric
coefficient Amino 3-letter  1-letter Molecular
adp_c 25.76630 Acid code code Weight
atp_c 26.17860 Alanine Ala A 89.1
ctp_c 0.25240 Arginine Arg R 174.2
h_c 25.76630 Asparagine Asn N 132.1
h2o_c 25.76630 Aspartate Asp D 133.1
gly_c 0.49090 Cysteine Cys C 121.2
gtp_c 0.25240 Glutamate Glu E 147.1
pi_c 25.76630 Glutamine Gln Q 146.2
ppi_c 0.66470 Glycine Gly G 75.1
utp_c 0.41230 Histidine His H 155.2
ala__1_c 0.51420 Isoleucine Ile I 131.2
arg__L_c 0.36360 Leucine Leu L 131.2
asn__L_cC 0.35930 Lysine Lys K 146.2
asp__L_cC 0.27820 Methionine Met M 149.2
cys__I_c 0.10270 Phenylalanine Phe F 165.2
glu__1_c 0.20990 Proline Pro P 115.1
gln__1_c 0.30910 Serine Ser S 105.1
his__1_c 0.10110 Threonine Thr T 119.1
ile_L_c 0.40210 Tryptophan Trp W 204.2
leu__1L_c 0.68620 Tyrosine Tyr Y 181.2
lys__1_c 0.32490 Valine Val \% 117.1
met__L_c 0.10200
phe__1_c 0.29860
pro__L_c 0.28040
ser__L_c 0.49690
thr__ 1_c 0.44710
trp_ L_c 0.12060
tyr__1_c 0.23500
val__1_c 0.31750
pchol_hs_c 0.03840
pe_hs_c 0.014566 Table A6. Five-number summary of reaction fluxes in
pail hs_c 0.006621 host and virus. The summary consists of five values:
ps_hs_c 0.001986 minimum, first quartile (25" percentile), median (50"
chsterol c 0.000012 percentile), third quartile (75th percentile), and maximum.
sphmyln_hs_c 0.001986
host virus

min 371 —-3.06
25 % 0.0 0.0
50 % 0.0 0.0
75 % 0.0 0.0
max 3.79 3.73
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