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SUMMARY

Genetic sources of phenotypic variation have been a focus of plant studies aimed at improving agricultural
yield and understanding adaptive processes. Genome-wide association studies identify the genetic back-
ground behind a trait by examining associations between phenotypes and single-nucleotide polymorphisms
(SNPs). Although such studies are common, biological interpretation of the results remains a challenge;
especially due to the confounding nature of population structure and the systematic biases thus introduced.
Here, we propose a complementary analysis (SNPeffect) that offers putative genotype-to-phenotype mecha-
nistic interpretations by integrating biochemical knowledge encoded in metabolic models. SNPeffect is used
to explain differential growth rate and metabolite accumulation in A. thaliana and P. trichocarpa accessions
as the outcome of SNPs in enzyme-coding genes. To this end, we also constructed a genome-scale meta-
bolic model for Populus trichocarpa, the first for a perennial woody tree. As expected, our results indicate
that growth is a complex polygenic trait governed by carbon and energy partitioning. The predicted set of
functional SNPs in both species are associated with experimentally characterized growth-determining genes
and also suggest putative ones. Functional SNPs were found in pathways such as amino acid metabolism,
nucleotide biosynthesis, and cellulose and lignin biosynthesis, in line with breeding strategies that target
pathways governing carbon and energy partition.

Keywords: flux balance analysis, SNPs, metabolic networks, Arabidopsis, poplar, plant metabolic modeling,
complementary GWAS.

INTRODUCTION both rare and common loci presenting problems in results

Tremendous natural variation in growth and development interpretation (Gibson, 2012).

is seen in a variety of plant species (Maloof, 2003). Har-
nessing this diversity intelligently necessitates an under-
standing of the causal relationship between genetic
polymorphisms and phenotypic differences observed
within a species. In the past decade, driven by the enor-
mous progress in genomic sequencing and data process-
ing abilities, genetic approaches using natural variation to
identify genes underpinning quantitative traits have gained
traction. In particular, genome-wide association studies
(GWAS) are used to identify causative/predictive factors for
a given trait (Nielsen et al., 2011; Prasad et al., 2012; Soltis
and Kliebenstein, 2015). This is commonly implemented by
evaluating the statistical significance of the association
between quantitative differences of a phenotype and the
genetic polymorphisms seen in a set of genetically distinct
individuals. However, the efficacy of a GWAS analysis in
identifying truly causative SNPs is heavily dependent on
the phenotypic variance observed in the population, with
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Efforts to augment GWAS using prior biological knowl-
edge began with the introduction of pathway-based
approaches (Wang et al., 2007; Wang et al., 2010). These
methods increased power by grouping genes by their co-
occurrences in metabolic pathways or gene ontologies. As
genes do not work in isolation but instead interact via com-
plex molecular networks and cellular pathways, such an
analysis examines whether test statistics for a group of
related genes consistently deviates significantly from that
obtained by chance. Wang et al. (2007) were the first to
propose a pathway-based GWAS which was akin to Gene
Set Enrichment Analysis. The authors re-examined data
from published GWAS by pre-defining gene sets for path-
ways and then calculating the significance of each pathway
based on the association of markers in or near genes. In
doing so, they were able to identify biologically plausible
signals on multiple datasets, such as the glutamate recep-
tor in Parkinson’s disease (Fung et al., 2006) was identified
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with statistical significance and is known to be a suscepti-
ble pathway (Marino et al., 2003). Interestingly, the original
GWAS by Fung et al. was highly discordant with another
GWAS study of Parkinson’s disease (Maraganore et al.,
2005), underscoring the importance of looking beyond the
most-significant genes. Since then, set-based approaches
have been widely used to reduce the GWAS multiple-test-
ing burden while enriching the association signal in indi-
vidual SNP-based tests (Allen et al., 2010; Nurnberger
et al., 2014; Locke et al., 2015). However, these methods
assumed independence between pathways, whereas in
reality genes from distal pathways may be functionally
connected (Kelley and Ideker, 2005; Tong et al., 2004; Xu
et al. 1994; Zhou et al., 1998). Recognition of this limitation
led to the development of network-based analyses. A scaf-
fold of protein—protein interaction networks (PPls) was
used to infer connections between gene products, ulti-
mately honing-in on subnetworks enriched with SNP-asso-
ciated genes (Leiserson et al, 2013). Network ‘guilt by
association’ (Lee et al., 2011) exploits the fact that genes
associated with a trait are more likely to organize into func-
tional groups. Protein interaction network-based pathway
analysis (PINBPA) was used to identify over-represented
modules associated with multiple sclerosis using aggre-
gated gene-wise statistics (Wang et al., 2014b). Potential
disease-associated mechanisms (such as DNA damage
response and cell waste disposal) were identified in fron-
totemporal dementia using a weighted protein-protein
interaction network analysis (WPPINA), which analyzes tis-
sue-specific interactomes implicated by known disease-as-
sociated PPls (Ferrari et al.,, 2017). The prioritization of
genes was further improved upon, such as in Sharma et al.
in which a putative neighborhood was identified using a
degree-adjusted random walk around known disease-caus-
ing genes (Sharma et al., 2018). Network-based analysis
has also been used to amplify marker signals from existing
GWAS studies. Liu et al. (2017) identified genes that con-
tributed significantly to childhood-onset asthma by search-
ing for consistent gene modules between two large GWAS
datasets.

In this paper, we take the next step by not simply a priori
assigning genes to pathways and known phenotypic traits,
but also explaining changes in growth rate, and differential
metabolite and enzyme levels as the outcome of one or
more SNPs in the coding regions of the genotype. We sup-
plement the purely data-driven discovery in GWAS using
mechanistic information that underpins known biochem-
istry and metabolic network structure. SNPeffect, in
essence, focuses on explaining SNPs in only enzyme-cod-
ing (or regulatory) regions by constructing scenarios for
their mechanistic role by integrating all available metabo-
lomics, proteomics, and metabolic network information
into a self-consistent narrative. SNPeffect can thus be used
a posteriori to evaluate the functional explanation of
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GWAS-obtained hits or a priori to generate linkages
between SNPs, genes, enzymes, metabolites, and various
traits that can be used as priors in GWAS and other plant
breeding techniques. In the present study, we used SNPef-
fect to investigate the basis behind growth in different Ara-
bidopsis thaliana and Populus trichocarpa accessions by
exploiting naturally occurring genotypic and phenotypic
variations. A set of putative causal loci ranging from genes
in protein synthesis to lignin metabolism was identified
with distinct patterns of activating and deactivating SNPs
(see Supporting Information Table S1 for Arabidopsis and
Table S2 for poplar SNPeffect results). Faster growing Ara-
bidopsis genotypes were predicted to have higher fluxes
through the amino acid metabolism pathways and prefer-
entially employed the energy-efficient purine salvage path-
way as opposed to the de novo purine synthesis pathway
for generating the energy metabolites AMP and GMP.
Putative growth-related SNPs were found in multiple path-
ways such as folate biosynthesis, branched-chain amino
acid biosynthesis, and shikimate metabolism. In P. tri-
chocarpa, we observed that SNPs that were significantly
associated with genotype growth were responsible for
increasing flux through amino acid, pigment, cellulose,
and nucleotide biosynthetic reactions. For example, the
genes encoding for sucrose synthase were found to have
more activating SNPs in faster growing genotypes, indicat-
ing that the degradation of sucrose to produce cellulose
via UDP-glucose enhances growth. We also investigated
epistasis controlling biomass production between enzymes
in Arabidopsis and poplar, and captured known epistatic
interactions as well as predicted putative ones. Interest-
ingly, we identified more genetic interactions between
pathways rather than between genes within them, contrary
to studies in microbial systems such as yeast (Segre et al.,
2005).

RESULTS

Integrating systems-level ‘'omics data to assign functional
roles to SNPs

We developed a method called SNPeffect for identifying
functional SNPs among multitude of polymorphisms that
typically occur in natural populations. Genotypic and phe-
notypic data superimposed on a plant metabolic model
serve as inputs. Then, the most parsimonious distribution
of functional SNPs is identified that is required to explain
variations in growth and metabolite levels. This modeling
approach takes into account the direct link between genes
with SNPs, encoded enzymes, network representation of
metabolism, and ultimately biomass formation through
the availability of precursors. The presence of a SNP in a
gene can either over-regulate or under-regulate the Vp,ay of
the corresponding enzyme by either increasing or decreas-
ing its activity and/or abundance. We require that the same
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SNP in different genotypes causes the same direction of
change (either enhancing or suppressing enzyme activity)
but not at the same magnitude. This effect is propagated
at the metabolic level by increasing or decreasing the cor-
responding reaction flux. This, in turn, may ultimately
affect growth by replenishing or limiting the availability of
a biomass precursor. For example, consider a case when
the concentration of a metabolite in a genotype is reduced
as compared with the reference. However, this genotype
does not suffer a growth defect despite the metabolite pro-
ducing a limiting biomass precursor. This is possibly
because the enzymatic turnover (i.e. V.x) of the reaction
using that metabolite as a substrate is increased by poly-
morphism(s) that either directly affect its kinetics (i.e. kcat)
or the total abundance [E]. Thus, SNPeffect will flag a SNP
in the corresponding gene as a putative activator that
increases enzyme Vp.x. Conversely, if this genotype exhib-
ited a lower productivity despite having high levels of the
limiting metabolite, then associated SNP(s) would be
flagged as inhibiting. One could envision more compli-
cated patterns of metabolite concentration changes super-
imposed on SNPs in enzyme-coding regions, causing
either enhanced or suppressed growth across genotypes.
Thus, making sense of these large heterogeneous sets of
data requires taking an algorithmic approach. Obviously,
not all changes in metabolite concentrations, growth rates,
and location of SNPs would be perfectly consistent with
one another. Therefore, SNPeffect finds causal outcomes
for SNPs so as to explain the maximal amount of variance
in the data while obtaining consistent flux distributions.
The output of SNPeffect is the identification of a subset of
SNPs that consistently have either an activating (or inacti-
vating) effect in all genotypes. SNPeffect only makes use
of SNPs in enzyme-coding regions and a 10 kbp flanking
region (as gene activity can be affected by the presence of
SNPs in enhancer/repressor regions; Biscarini et al., 2016;
Brodie et al., 2016; Lee and Shatkay, 2008; Torkamani
et al., 2008). This is typically only about 0.3% of the SNPs
in the population. In addition, SNPeffect parsimoniously
assigns a functional role to only a fraction (from 1.24% to
4.1%) of the metabolic SNPs. This fraction depends on the
number of genotypes for which sequence and ‘omics data
are available in the population.

Figure 1illustrates how SNPeffect works for a three geno-
type (Gq, Gz,and the reference genotypeG,) toy example
(Figure 1a). Note that the production of metabolite B from A
is limiting for biomass synthesis. Both genotypes G; and G,
have half of the concentration of metabolite A compared
with the reference genotype G,s. However, genotype G,
grows twice as fast as G, Wwhereas G; half as fast as G,f
(Figure 1b). SNP data for the corresponding gene sequences
are shown in a Boolean matrix, in which rows correspond to
genotypes and columns refer to the genomic co-ordinate.
The presence of a SNP is recorded with an entry of one in this

matrix. Because genotype G, grows faster than the reference
despite having the same levels of metabolite A, SNPeffect
will assign one or more activating SNP(s) in G, responsible
for increasing the V.« of the corresponding enzyme. The
putatively activating SNP is selected from the entries in red
in the last row of the matrix shown in Figure 1(b). Figure 1(c)
shows the resultant flux distributions in the three genotypes.
No functional SNPs are assigned by SNPeffect for genotype
G asits reduced relative growth rate can be explained solely
by the reduced levels of metabolite A. However, in genotype
G, flux through the biomass reaction is 20 mmol/gDW h~"
which is twice that in G,.f. Mass-action kinetics dictates that
the flux through vg, can be at most 5 mmol/gDW h~" as the
concentration of A has not changed. Therefore, the required
flux increase must be attributed to another factor such as an
activating SNP in the sequence of the corresponding gene.
This is encoded in SNPeffect by the departure variable
SNPdevg* which assumes a value of 15 mmol/gDW h™" to
be consistent with the higher final relative growth rate (RGR)
in genotype G,. The magnitude of variable SNPdevg* is
explained as the additive action of the two SNPs at genomic
positions 23 and 26. The relative influences of the two SNPs
are encoded by variables Xj7¢, and XJ7¢ | respectively. The
SNP at position 26 is absent in genotype G; and only present
in genotype G,. It is assigned an activating role by SNPeffect
as it provides the most parsimonious explanation for the
increased relative growth of genotype G;.

In SNPeffect, slack variables SNPdev;** and SNPdev;*
are used to capture the effect of SNP(s) in a genotype / on
flux through the enzymatic reaction j. A negative deviation
from the reference flux distribution (i.e. a non-zero value of
SNPdev"™9) indicates that the value of the reaction flux
must decrease to satisfy the imposed metabolomics-ob-
tained constraints. This can be putatively attributed to an
inactivating SNP (if one is present in the corresponding
gene). Otherwise, this discrepancy remains unexplained
and is assigned to variable dev"9. Similarly, a positive
deviation from the reference flux distribution (i.e. a non-
zero value of SNPdevP??) indicates that the reaction flux
must increase to satisfy the imposed metabolomics-ob-
tained constraints. This can then be explained as the effect
of an activating SNP (if one is present), and otherwise the
flux discrepancy remains unexplained and is stored in
devP%. Only SNP(s) in the gene(s) encoding for the catalyz-
ing enzyme (for reaction j) are considered; this information
is encoded in a three-dimensional sparse Boolean matrix
Ajw which includes an entry of one if reaction j is associ-
ated with SNP k in genotype /.

Capturing known and putative growth-affecting SNPs in
Arabidopsis

Arabidopsis thaliana was selected to benchmark SNPeffect
as it has one of the best collection of functional genomics
resources in plants (Togninalli et al, 2018). Across all
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Figure 1. lllustrative SNPeffect example on a toy metabolic network and three genotypes.

(a) Toy metabolic network showing the reaction converting metabolite A to B which is limiting for biomass synthesis. (b) Sample SNPeffect input data for geno-
types Gq, Gy, and the reference genotype G Note that the phenotypic data consist of relative growth rates (RGR) and metabolite levels with respect to the
reference genotype. Genotypic data show SNP positions (an entry of one denotes the presence of a SNP, whereas zero for no difference from the reference). (c)
SNPeffect-predicted flux distributions in the three genotypes. The relative concentration of metabolite A in genotype G is consistent with the reduced growth
rate, which is why no functional SNPs are identified. However, genotype G, exhibits a doubling in RGR, while retaining the same level for metabolite A. The
increase in RGR is explained by SNPeffect by the effect of an activating SNP at position 26.

genotypes, 72 unique genes were identified as being differ-
entially affected by the presence of 340 SNPs (Table S1).
Corroborating literature evidence was found for 37 genes
(c. 51%) for which perturbations in their expression (upreg-
ulation/downregulation or knockout) caused growth-re-
lated phenotypic changes in Arabidopsis (Table S1). We
structurally characterized the identified SNP set (using the
CDD database; Marchler-Bauer et al., 2017) to determine if
they featured in conserved protein residues such as those
coding for active and catalytic sites, substrate and co-factor
binding domains, and dimer interfaces as these are known
to affect protein function and thus enzymatic activity (Bhat-
nager and Dang, 2018; Esaki et al, 2012; Evnouchidou
et al., 2011; Liu et al., 2011). SNPeffect identified 73 within
gene and 267 SNPs in the 10 kb flanking region across 72
unique genes in Arabidopsis, out of which functional
domains could be identified in 30 genes for 32 SNPs (c.
43% of within gene SNPs) (Table S1). To assess algorithm
performance, we calculated the precision and recall rates
of SNPeffect (Guinot et al., 2018). Alternate optimal solu-
tions were found iteratively using integer cuts. An integer
cut (implemented as a model constraint) serves to render a
previously identified integer solution (i.e. combination of
yP°® and y,® in this case) infeasible without excluding any
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other feasible solutions. After appending 100 integer cuts,
661 SNPs were identified across all solution sets (all of
which had the same objective function value). Here, 105
SNPs (c. 16%) were common to all solution sets out of
which 98 had the same role (i.e. strictly activating/inactivat-
ing); 169 SNPs (c. 26%) appeared in at least two solution
sets and maintain consistent activity, indicating that
although there exist multiple optima there is considerable
overlap between the SNPs identified in each case. The
recall rate and precision were then calculated as a function
of the number of true positives (TP), false positives (FP),
true negatives (TN) and false negatives (FN). The precision
(defined as TP/(FP + TP)) was on average 0.48 and the
recall (defined as TP/(FN + TP)) was 0.47. The enrichment
of literature evidence seen in the SNPeffect-predicted func-
tional SNPs is significant with a P-value of 1.06e-63 (hyper-
geometric test). This demonstrates that SNPeffect captures
information encoded within SNP sets, metabolomics, and
RGR datasets to make prediction that rises well above any
random occurrence threshold.

The SNPeffect-identified gene set (i.e. genes with func-
tional SNPs) for every genotype was significantly enriched
for essential genes (P-value < 0.05, hypergeometric test).
In silico essential genes are associated with reactions
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which, upon deletion, prevent biomass synthesis in the
metabolic model. This indicates that SNPs in these genes
cause (on average) a greater phenotypic change than ones
in non-essential genes. This is not surprising as essential
genes are required for growth, and thus any reduction in
their activity can have a proportionally adverse effect on
fitness. Essentiality investigations in plants have mainly
focused on investigating the loss-of-function phenotypes
associated with gene knockouts (Lloyd and Meinke, 2012;
Savage et al., 2013; Wang et al., 2014a), but microbes such
as S. cerevisiae have been used to compare the impact of
perturbations in essential versus non-essential genes. Vari-
ations in gene expression for essential genes gave rise to
greater phenotypic changes than non-essential gene dele-
tions (Bauer et al., 2015). These conclusions, of course,
remain untested in plants.

Next, we compared the predicted functional SNP set to
previous GWA studies and found a number of SNPs to be
concordant between these two complementary methods
(see Table S1 for a full list). Two functional SNPs identified
in shikimate kinase (SK) were found in a previous Ara-
bidopsis GWAS (Atwell et al., 2010) to be significantly
associated with serrated leaves and flowering time, which
has been linked to leaf growth (Cookson et al., 2007). The
shikimate pathway is involved in the synthesis of L-trypto-
phan, -phenylalanine, and L-tyrosine (Figure 2) alongside
many aromatic secondary metabolites such as alkaloids,
flavonoids, and lignin (Tohge et al., 2013). It is estimated
that 20-50% of the total fixed carbon in land plants passes
through this pathway (Ni et al., 1996; Corea et al., 2012),
indicating its central role in Arabidopsis growth. Functional
SNPs were also found in genes coding for 3-dehydro-
quinate synthase (DHQS) from the same pathway.
Although the connection between perturbations in this
pathway and their impact on Arabidopsis growth has not
yet been investigated, the predicted phenotype is consis-
tent with a recent study (Guo et al., 2018). Guo et al. found
DHQS and SK2 to be upregulated in plants with chronic
JAZ (JASMONATE ZIM DOMAIN) deficiency, resulting in
reduced growth rate and root length.

Genes belonging to other pathways of amino acid meta-
bolism, encoding DAHP synthase, chorismate synthase,
anthranilate synthase, phosphoribosylanthranilate iso-
merase (PRAI), ketol-acid reductoisomerase (KARI), and 2-
isopropylmalate synthase (IPMS) were predicted to have
functional SNPs which have also been implicated in a pre-
vious GWA analysis to be associated with growth-related
phenotypes (Atwell et al, 2010). SNPs in the genes
AT1G29410 and AT1G07780 encoding for PRAI were asso-
ciated with days to flowering time and leaf number,
respectively. The SNP at 21680 457 in the gene
AT3G58610 encoding for KARI was significantly associated
(P-value = 2.67e-b) with vegetative growth rate and the
inactivating SNP at 16 121 370 in AT4G33510 (encoding

DAHP synthase) was previously found to be significantly
associated (P-value = 9.71e-5) with flowering time (Atwell
et al., 2010). This is possibly because amino acid metabo-
lism is known to be intrinsically linked to plant productivity
and constitutes a primary growth requirement. Increasing
amino acid availability by either increasing the expression
of specific amino acid transporters or by supplementing
them in the growth medium has been shown to increase
Arabidopsis growth (Forsum et al., 2008).

In addition to verifying SNPeffect predictions, comparing
overlapping SNPs with GWAS can also help provide a pos-
teriori narratives for GWAS associations by mechanistically
explaining their impact on plant metabolism. For example,
two functional SNPs flagged in IPMS have also been impli-
cated in numerous GWA studies as being significantly
associated with flowering time, aphid resistance, and leaf
number (Atwell et al., 2010; Li et al., 2010; Alonso-Blanco
et al., 2016). IPMS catalyzes the first committed step of leu-
cine biosynthesis, converting acetyl-CoA and 3-methyl-2-
butanoate into 2-isopropylmalate. SNPeffect predicted
slower-growing genotypes to have inactivating SNPs in
genes encoding for IPMS, but faster growing genotypes to
have compensatory activating SNPs, thereby restoring flux
through the reaction (Figure 2). This indicates that IPMS is
pivotal for controlling flux through the leucine biosynthetic
pathway and contributes to biomass production. A similar
phenotype has also been characterized experimentally,
albeit in rice. Proteomic analysis showed that IPMS is
involved in releasing seed dormancy (Xu et al., 2016) and
IPMS knockout mutants exhibit deficient amino acid syn-
thesis, low glycolytic activity, and reduced ATP and AMP
production (He et al., 2019).

Lastly, a number of putative SNPs identified in aminoa-
cyl-tRNA synthesis have also been found in previous GWA
studies to be related to growth phenotypes such as leaf
number (Atwell et al., 2010), leaf chlorosis (Atwell et al.,
2010), and ion concentration in leaves (Atwell et al., 2010;
Chao et al., 2014) (Table S1). This particular pathway is
known to be associated with plant growth, as was
observed in a screening of Arabidopsis accessions (Berg
et al., 2005). Loss-of-function mutations in aminoacyl-tRNA
synthetase genes had adverse effects on growth, causing
gametophytic lethality and interfering with protein synthe-
sis causing ovule abortion.

Energy allocation is a primary growth determinant in
A. thaliana

Next, we examined functional SNPs flagged in pathways
of energy metabolism. Upon comparing SNPs to previous
GWA studies, we found that an inactivating SNP in the
gene encoding for phosphoribosylamine and glycine ligase
in purine metabolism has been associated previously with
seed dormancy using GWAS (Atwell et al, 2010)
(Table S1). The SNPs in genes coding for IMP
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Amino acid biosynthesis in Arabidopsis thaliana
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Figure 2. Functional SNPs in amino acid biosynthesis pathway of A. thaliana in three representative genotypes.

Distribution of SNPs in three representative genotypes which have a low (RGR = 0.118), average (RGR = 0.475), and high (RGR = 2.02) growth rate. Metabolite
names are shown in blue (with relative metabolite levels shown in cyan below them, wherever available), gene IDs in black and corresponding enzymes in
orange. Activating SNPs are marked in green and inactivating SNPs in red, below the gene that they feature in (marked in black). The net fold-change in flux (in-
crease/decrease) through a reaction (with respect to the reference genotype) due to SNPs is given next to it, with a flux increase shown in green with an upward
arrow and a flux decrease shown in red with a downward arrow. 20G, 2-oxoglutarate; DAHP, 3-deoxy-p-arabino-hept-2-ulosonate 7-phosphate; DAHP synthase,
3-deoxy-7-phosphoheptulonate synthase; DHAD, dihydroxy-acid dehydratase; E4P, erythrose 4 phosphate; KARI, ketol-acid reductoisomerase; PEP, phospho-
enolpyruvate; PRAI, phosphoribosylanthranilate isomerase; PRT, anthranilate phosphoribosyltransferase.

cyclohydrolase (the ultimate step in IMP biosynthesis) have
been associated with flowering time in Arabidopsis (Atwell
et al., 2010; Li et al., 2010), which has been linked to leaf
growth (Cookson et al., 2007). Interestingly, inactivating
SNPs were found in genes AT4G38880 and AT2G16570
(Figure 3) that encode for amidophosphoribosyltrans-
ferase, indicating that plant growth is associated with
decreased flux through purine metabolism. This enzyme
catalyzes the first dedicated step of de novo purine biosyn-
thesis by transferring an amido group from glutamine to 5-
phosphoribosyl-1-pyrophosphate  (PRPP). As  purine
nucleotides are major energy carriers of the cell and also
serve as precursors for the synthesis of co-factors such as
NADH and SAM, decreasing flux through this reaction
would propagate downstream to reduce the levels of AMP
and GMP. This would retard growth, in contrast with what
is observed. This contradictory behavior may be explained
by the fact that there are two routes for nucleotide synthe-
sis in Arabidopsis, the de novo and salvage pathways. The
de novo pathway converts PRPP and precursors such as
CO, and tetrahydrofolate into purines while the salvage
pathway interconverts purine bases, nucleosides, and
nucleotides, which are released as catabolic by-products.
The salvage pathway for purine synthesis is energetically
favorable as only a single reaction requires ATP, whereas
in the de novo pathway five of the 12 steps require ATP or
GTP hydrolysis (Moffatt and Ashihara, 2002). SNPeffect
predicts an energy-efficient mechanism at play wherein

© 2020 The Authors.

faster growing genotypes have downregulated de novo
purine biosynthesis while the purine salvage pathway has
no inactivating SNPs. Indeed, previous studies have estab-
lished purine synthesis to be the growth-limiting step for
both prokaryotic and eukaryotic cells (Liechti and Gold-
berg, 2012). Investigations of nucleotide metabolism in
plants have focused on either the levels of nucleotides or
the expression of genes involved in these pathways (Zren-
ner et al., 2006), but for microbes the rate at which they
generate GMP and AMP pools often directly correlates with
growth (Hedstrom, 2009). It would be interesting to see if
this observation holds for plants, but indirect evidence of
the relative impact of these two pathways can be found in
transgenic potato tubers. Decreasing UMP synthase
expression, a key enzyme in the pyrimidine de novo
biosynthetic pathway, stimulated the uridine salvage path-
way, increased total carbon flux to starch and cell wall syn-
thesis, and elevated tuber growth (Geigenberger et al.,
2005).

Overall, SNPeffect provided a narrative for the putative
effect of 340 SNPs in 73 genes in the Arabidopsis dataset.
Corroborating evidence was found for c. 51% of them after
a cursory literature search. We anticipate that putative cau-
sal roles for many more SNPs can be deciphered if the
SNPeffect analysis is repeated with additional genotypes,
phenotypes (such as nutrient exchange fluxes or rates of
photosynthetic oxygen evolution) and/or datasets (e.g. pro-
teomics or transcriptomics).
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Figure 3. Functional SNPs in the purine biosynthesis pathway of A. thaliana in three representative genotypes.

Distribution of SNPs in three representative genotypes which have a low (RGR = 0.118), average (RGR = 0.475), and high (RGR = 2.02) growth rate. Metabolite
names are shown in blue (with relative metabolite levels shown in cyan below them, wherever available), gene IDs in black and corresponding enzymes in
orange. Activating SNPs are marked in green and inactivating SNPs in red, below the gene that they feature in. The net fold-change in flux (increase/decrease)
through a reaction due to SNPs is given next to it, with a flux increase shown in green with an upward arrow and a flux decrease shown in red with a downward
arrow. AIR, 5-aminoimidazole ribonucleotide; AICAR, aminoimidazole carboxamide ribonucleotide; AICAR transformylase, phosphoribosyl aminoimidazole car-
boxamide formyltransferase; FAICAR, 5-phosphoribosyl-formamido-carboxamide; FGAR, 5-phosphoribosyl-N-formylglycinamide; GAR, 5-phospho-p-b-ribosyl-
glycinamide; GAR synthetase, phosphoribosylamine—glycine ligase; GAR TFase, phosphoribosylglycinamide formyltransferase; PRA, 5-P-B-b-ribosyl-amine;

THF, tetrahydrofolate.

SNPs affecting cell wall biosynthesis in P. trichocarpa

Similar to Arabidopsis, we used SNPeffect to identify SNPs
associated with metabolic flux changes in reactions that
generate biomass precursors and thus affect plant growth
in P. trichocarpa. For this, we employed the rich dataset of
SNPs and growth phenotypes available in literature
(Muchero et al., 2015; BESC, 2017). SNPeffect identified
843 putatively functional SNPs in 365 genes (Table S2), out
of which 583 SNPs feature within a gene and 260 in the
10 kb flanking region. The SNPeffect-identified gene set

was significantly enriched for essential genes
(P-value < 0.05, hypergeometric test). The predicted
functional SNPs also showed a significant overlap

(P-value = 0.0086, hypergeometric test) (Table S2) with a
previous GWAS (Evans et al., 2014). As Evans et al. used
the same mapping population as SNPeffect and examined
the same growth trait, it is expected that phenotypic traits
should be controlled by the same set of loci. We struc-
turally characterized the SNP set to identify those featuring
in functional protein domains. At least one functional site
could be identified in 191 genes using the CDD database
(Marchler-Bauer et al., 2017), and 149 SNPs (c. 25% of
within gene SNPs) among 101 unique genes were pre-
dicted to be in functional residues (Table S2).

Pathways of cell wall metabolism were predicted to be
enriched in functional SNPs, indicating that flux through

them is potentially growth regulating. The total flux
increase through sucrose synthase (SuSy; E.C. 2.4.1.13)
due to activating SNPs was found to be directly related to
the genotype’s biomass yield (Pearson’s correlation coeffi-
cient = 0.964, P-value = 0.008165). Cellulose is produced
from UDP-glucose, which in turn is made from the cleav-
age of sucrose catalyzed by SuSy. SuSy plays a central role
in plant metabolism by modulating the carbohydrate sink
(Sun et al., 1992; Zrenner et al., 1995; Dejardin et al., 2015)
and its overexpression in tobacco increases plant height,
cellulose content, fiber length, and soluble sugar accumu-
lation (Wei et al., 2015). Conversely, suppressing SuSy
activity in cotton plants produces a fiberless cotton pheno-
type and shrunken seeds (Ruan, 2003). Thus, poplar seems
to be similarly dependent on sucrose synthase for cellu-
lose biosynthesis and our results indicate that upregulating
this particular gene would increase growth.

In addition to SuSy, SNPeffect flagged SNPs in other
enzymes involved in cell wall biosynthesis such as shiki-
mate O-hydroxycinnamoyltransferase (HCT), phenylammo-
nia-lyase  (PAL), ferulate-5-hydroxylase (F5H), and
trehalase. Trehalase hydrolyzes the sugar trehalose to pro-
duce two glucose molecules (Blazquez et al., 1998; Vogel
et al., 1998). Blocking its activity resulted in stunted growth
and lancet-shaped leaves in tobacco plants (Goddijn et al.,
2002). The other cell wall-producing enzymes belong to the

© 2020 The Authors.
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lignin biosynthetic pathway (Figure 4), and lignin is known
to be a significant metabolic sink for carbon and energy. It
is a major contributor to woody biomass recalcitrance as it
prevents the access of extracellular enzymes to the degrad-
able sugar moieties. Thus, there is considerable interest in
developing plants with reduced lignin content that do not
incur a growth penalty (Chanoca et al., 2019) and SNPef-
fect-identified SNPs can serve as potential tunable levers
for controlling flux through this pathway. Indeed, growth-
related phenotypes have been reported for lignin biosyn-
thetic genes flagged as having functional SNPs. PAL is
responsible for converting phenylalanine to cinnamic acid,
which constitutes the first dedicated step of lignin biosyn-
thesis in poplar. PAL overexpression has been observed to
negatively impact plant growth in transgenic poplar
(Rueda-Lépez et al., 2017). HCT catalyzes the transfer of the
caffeoyl moiety of 5-O-caffeoylquinate onto CoA (produc-
ing caffeoyl-CoA and quinate) and transgenic poplar with
downregulated HCT genes exhibit slower growth and thin-
ner stems than wild-type (Peng et al., 2014; Zhou et al.,
2018). Two (putatively) activating SNPs were predicted in
the HCT paralog PtHCT2 (Potri.018G105500), and both of
these lie in the same interval on chromosome 18
(Chr18:13219799-13252693) that was found to be signifi-
cantly associated with levels of cis- and trans-3-O-caf-
feoylquinic acid by GWAS and eQTL analysis (Zhang et al.,
2018a). The population used in SNPeffect is a subset of
that used by Zhang et al. (2018a) due to which the same
loci are expected to shape plant phenotypes. Ferulate 5-hy-
droxylase (F5H) was also predicted to have functional
SNPs. This enzyme features further downstream in the lig-
nin pathway, catalyzing the conversion of coniferaldehyde
into 5-hydroxy-coniferaldehyde. Transgenic poplar overex-
pressing F5H show increased wood density (Koehler and
Telewski, 2006), consistent with SNPeffect’'s prediction of
F5H being a growth-related gene.

SNPs shaping secondary metabolism in poplar

Genes belonging to pathways of energy metabolism were
found to have SNPs whose role was explainable by SNPef-
fect (Figure 5), such as dihydroorotase and dUTP diphos-
phatase. Activating SNPs were found in these genes, with
the resultant flux increase being proportional to the geno-
type’s biomass yield. Thus, SNPeffect results imply that
upregulating the expression of these genes in poplar
would increase downstream production of energy-generat-
ing precursors and thus enhance growth. Dihydroorotase
catalyzes the reversible conversion of carbamoyl-L-aspar-
tate into dihydroorotate and constitutes the third step of
the pyrimidine de novo biosynthetic pathway. This path-
way produces the nucleotide UMP from carbamoyl phos-
phate, aspartate, and PRPP. It has been reported that
downregulation of this gene led to reduced height in
potato plants (Schroder, 2005). dUTP diphosphatase

© 2020 The Authors.

features downstream of dihydro-orotase and was also pre-
dicted to have growth-affecting SNPs. This enzyme hydro-
lyzes dUTP into its corresponding monophosphate (dUMP)
and its expression has been found to be directly propor-
tional to growth rate in onion (Allium cepa) (Pardo and
Gutiérrez, 1990).

SNPeffect predicted faster growing genotypes to have
activating SNPs and thus a higher flux through pathways
of amino acid metabolism. Serine hydroxymethyltrans-
ferase (SHMT) is a key enzyme associated with one-carbon
metabolism in higher plants (Besson et al., 1995) and cat-
alyzes the reversible conversion of glycine and 5,10-
methylenetetrahydrofolate into serine and tetrahydrofolate.
Functional SNPs were identified in SHMT by SNPeffect
and, interestingly, SHMT was recently explored as a poten-
tial genetic engineering target in Populus (Zhang et al.,
2019). Zhang and colleagues overexpressed a SHMT-en-
coding gene (PtSHMT2) in P. deltoides that increased bio-
mass and sugar yields, while concomitantly decreasing the
total lignin content. Figure 6 shows the functional SNPs
identified in the lysine biosynthesis pathway, in genes
encoding for aspartate kinase (AK), aspartate-semialde-
hyde dehydrogenase, 4-hydroxy-tetrahydrodipicolinate
synthase (DHPS), L.-diaminopimelate aminotransferase,
diaminopimelate  aminotransferase,  diaminopimelate
decarboxylase, and homoserine dehydrogenase. These
predictions are supported by lysine’s role as an essential
amino acid that serves as a precursor for proteins and for
glutamate, which regulates plant growth and environmen-
tal responses (Galili, 2002). Arabidopsis mutants deficient
in lysine biosynthesis exhibit retarded growth (Sarrobert
et al., 2000) and we predict a similar trend in poplar in
which the net flux through DAP-decarboxylase increases
with the genotype’s growth rate (Figure 6). Phenotypes
relating to perturbations in expression for other genes in
this pathway have not been analyzed experimentally but
AK and DHPS have been seen to be most abundant in
growing tissues in Arabidopsis (Vauterin et al., 1999; Zhu-
Shimoni et al., 1997). These can serve as candidate gene
targets in future experimental investigations.

Epistatic interactions in A. thaliana and P. trichocarpa
among SNPeffect-identified SNPs

SNPeffect putatively classifies a point mutation in a gene
as being activating (i.e. increasing reaction flux), inactivat-
ing (i.e. decreasing reaction flux), or neutral. However,
additional information on fitness can be gleaned by look-
ing at pairs of SNPs in different genes. For example, con-
sider the case where there are SNPs upstream and
downstream in the synthesis pathway of a limiting bio-
mass precursor. In such a case, the most positive influence
on growth will be when the SNP upstream is activating
and the SNP downstream is inactivating. Similarly, if both
these SNPs were found in parallel pathways that produce
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Figure 4. Functional SNPs in the lignin biosynthesis pathway of P. trichocarpa in three representative genotypes.

Distribution of SNPs in three representative genotypes which have a low (RGR = 0.04), average (RGR = 7.25), and high (RGR = 15.96) growth rate. Metabolite
names are shown in blue, gene IDs in black and corresponding enzymes in orange. Activating SNPs are marked in green and inactivating SNPs in red below the
gene that they feature in. The net fold-change in flux (increase/decrease) through a reaction due to SNPs is given next to it, with a flux increase shown in green
with an upward arrow and a flux decrease shown in red with a downward arrow. CCOAMT, caffeoyl-CoA O-methyltransferase; CCR, cinnamoyl-CoA reductase;
F5H, ferulate 5-hydroxylase; HCT, shikimate hydroxycinnamoyltransferase; PAL, phenylalanine ammonia-lyase.

the same limiting biomass precursor, maximum beneficial
effect on growth will be when both are activating. Such
interactions in which genetic mutations affect each other’s
phenotypic consequences are called epistatic. Epistasis
between two mutations is said to be positive when a dou-
ble mutant causes a weaker mutational defect than the
individual mutations, and is negative when the double
mutant causes a larger defect (Boone et al., 2007; Phillips,
2008). If epistasis is prevalent, then a new mutant allele
will interact with many other loci and alleles in the genetic
background. The resultant genotype fitness might be
dependent not only upon its direct effects on the pheno-
type, but also upon its effects through these interactions.
With epistatic interactions, the effect of a SNP on a pheno-
type becomes the collective property of a network of SNPs.

Here we studied the spectrum of epistatic interactions
between functional SNPs identified by SNPeffect in
A. thaliana and P. trichocarpa by first calculating all possi-
ble epistatic interactions and then examining the distribu-
tion of SNPs among them. For modeling the inactivation of
an enzyme (and hence its associated reaction(s)), the reac-
tion flux(es) corresponding to that enzyme were con-
strained to be zero. For enzymes encoded by multiple
genes, we included all that were associated with at least
one gene with a causal SNP. We then calculated the maxi-
mal rate of biomass production with single and double
deletions relative to the rate of the biomass production of
the unperturbed wild-type network. Following previous

flux balance analysis (FBA) studies examining epistasis (Xu
et al., 2012), the total flux through the network was also
constrained to be less than or equal to the total flux
through the unperturbed wild-type network (Schuetz et al.,
2012). When deleting an enzyme X, the fitness is defined
as Wy = vpX o :i/gg?;?;pe_ For a pair of enzymes X and Y,
we then evaluate the level of epistasis by comparing the
fitness of the double mutant (Wxy) with the fitness of the
single mutants Wy and Wy. Similar to Segre et al. (Segre
et al., 2005), epistasis was calculated as shown in Table 1.

In Arabidopsis, 12 distinct epistatic interactions were
identified across all genotypes in the study (Table S3)
belonging to pathways of lignin biosynthesis, BCAA syn-
thesis, pantothenate, and CoA biosynthesis, phenylalanine,
tyrosine and tryptophan biosynthesis, and pyrimidine
metabolism. Caffeoyl-CoA 3-O-methyltransferase and 4-
coumarate-CoA ligase 1 (Figure 7b) were found to consti-
tute a synthetic lethal pair. This is because simultaneous
deletion of both genes would negate synthesis of feruloyl
CoA and its downstream product coniferyl alcohol a pre-
cursor for the guaiacyl subunit of lignin. Such negative
epistasis between the two genes has indeed been found
previously in P. tomentosa using association mapping
(Gong et al., 2018). Four other synthetic lethal pairs were
also identified between enzymes belonging to BCAA meta-
bolism and pantothenate and CoA biosynthesis.

Using the constructed metabolic network for P. tri-
chocarpa, we conducted a pairwise deletion scan to
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Figure 5. Functional SNPs in the purine and pyrimidine biosynthesis pathway of P. trichocarpa in three representative genotypes.

Distribution of SNPs in three representative genotypes which have low (RGR = 1.17), average (RGR = 7.25), and high (RGR = 42.08) growth rates. Metabolite
names are shown in blue, gene IDs in black and corresponding enzymes in orange. Activating SNPs are marked in green and inactivating SNPs in red, below
the gene that they feature in. The net fold-change in flux (increase/decrease) through a reaction due to SNPs is given next to it, with a flux increase shown in
green with an upward arrow and a flux decrease shown in red with a downward arrow. ATCase, aspartate carbamoyltransferase; dUTPase, dUTP diphos-
phatase; OMP-DC, orotidine-5'-phosphate decarboxylase; PRPP synthetase, 5-phosphoribosyl-1-pyrophosphate synthetase; UPRTase, uracil phosphoribosyl-

transferase.

decipher the underlying network of epistatic interactions.
Previously, studies investigating epistasis in poplar have
focused mainly on cell wall-related pathways such as lig-
nin and cellulose biosynthesis (Du et al., 2015; Quan et al.,
2018) which also showed up in the present study
(Table S6). Similar to Arabidopsis, both interpathway and
intrapathway epistatic interactions among SNPs were
found in poplar. Figure 7(a) summarizes predicted intrap-
athway epistasis in poplar terpenoid biosynthesis. Iso-
prenoid synthesis starts with the condensation of
isopentenyl diphosphate (IPP) and its isomer dimethylallyl
diphosphate (DMAPP). Both are produced by two distinct
pathways in plants, the mevalonate (MVA) pathway and
the methylerythritol 4-phosphate (MEP) pathway. As these
two pathways represent complementary routes of produc-
ing the same essential precursors (IPP and DMAPP), a dou-
ble mutation (one in each pathway) is likely to be more
detrimental than a single one. As expected, our analysis
also identified epistatic interactions between SNPs in
genes belonging to these two pathways. 3-Hydroxy-3-
methylglutaryl-coenzyme A reductase (HMGR) and meval-
onate kinase, which catalyze the third and fourth steps of
the MVA pathway, respectively, were found to interact with

© 2020 The Authors.

DXP synthase, MEP synthase, MECDP synthase, and 4-hy-
droxy-3-methylbut-2-enyl-diphosphate synthase from the
MEP pathway. Evidence of metabolite exchanges have also
been observed between them in spinach and tobacco, indi-
cating that one pathway is capable of functionally compen-
sating for the other (Hemmerlin and Bach, 1998; Bick and
Lange, 2003; Hemmerlin et al., 2003). Although the extent
of this metabolic complementation is yet to be fully
explored in plants, Arabidopsis genotypes carrying a muta-
tion in hydroxy-2-methyl-2-(E)-buteny! 4-diphosphate syn-
thase (HDS) (the penultimate enzyme of the MEP pathway)
exhibit an albino phenotype but are viable (Gutierrez-Nava,
2004).

Instances of epistasis between genes belonging to the
same pathway were also identified, such as between SNPs
in PAL and HCT, that were predicted to have a strong nega-
tive epistatic interaction. Previously, Quan et al. (2018) also
predicted prevalent epistasis between genes in the lignin
biosynthesis pathway, including PAL and HCT. We also
predicted negative epistatic interactions between cellulose
synthase (UDP-forming) and cellulose synthase (GDP-form-
ing), whereby inactivating both of them had a much
greater impact on poplar growth than a simple additive
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Figure 6. Functional SNPs in the amino acid biosynthesis pathway of P. trichocarpa in three representative genotypes.

Distribution of SNPs in three representative genotypes which have a low (RGR = 0.04), average (RGR = 7.25), and high (RGR = 42.08) growth rate. Metabolite
names are shown in blue, gene IDs in black and corresponding enzymes in orange. Activating SNPs are marked in green and inactivating SNPs in red, below
the gene that they feature in. The net fold-change in flux (increase/decrease) through a reaction due to SNPs is given next to it, with a flux increase shown in
green with an upward arrow and a flux decrease shown in red with a downward arrow. AK, aspartate kinase; ASA dehydrogenase, aspartate-semialdehyde
dehydrogenase; dapA, 4-hydroxy-tetrahydrodipicolinate synthase; DAP-decarboxylase, diaminopimelate decarboxylase; HSD, homoserine dehydrogenase; LL-
DAP-AT, L.-diaminopimelate aminotransferase.

Table 1 Definitions of epistasis

&= WXY - Wwa

No epistasis e=0
Negative epistasis (aggravating) e<0
Positive epistasis (buffering) e>0

When deleting an enzyme X, the fitness was defined as

Wy = v /viid-e Eor a pair of enzymes X and Y, epistasis

is evaluated by comparing the fitness of the double mutant (Wxy)
with the fitness of the single mutants Wx and Wy.

contribution. This is because inactivation of both of these
enzymes blocks cellulose biosynthesis altogether. Other
studies have also captured this predicted interaction, but in
P. tomentosa instead of P. trichocarpa (Du et al., 2015; Tian
et al., 2016). Thus, FBA is a useful tool for predicting epis-
tasis among metabolic genes and can be used to provide
focused targets for experimental investigations.

DISCUSSION

The results presented here demonstrate the ability of
SNPeffect to assign putative roles to SNPs in coding
regions of the genome as activating or inhibiting. A follow-
up epistasis analysis provided additional information by
assessing how these SNPs interact when considered in
pairs. We used Arabidopsis and poplar datasets as test
cases. Arabidopsis has the best gene annotations, largest

repository of genome sequences collected from different
accessions, and numerous studies collecting large-scale
phenotypic data. Similarly, Populus trichocarpa (Arabidop-
sis for forestry) is the first woody plant to have its genome
sequenced (Tuskan et al., 2006), can be propagated vegeta-
tively (making it easy to study mapping populations), has
one of the largest re-sequenced populations in plants
(Chhetri et al., 2019), and has functional CRISPR/Cas gen-
ome editing systems (Novaes et al., 2010).

SNPeffect minimizes flux value deviations from mass-ac-
tion predicted reaction kinetics to find the most parsimo-
nious explanation of phenotypic variations as a function of
SNPs. It integrates the biochemistry encoded in genome-
scale metabolic models with genotypic and phenotypic
data to identify SNPs that are putatively causal to a given
phenotype, while also identifying the underlying mecha-
nisms behind the perturbed metabolic processes. For
example, we find that SNPs that increase flux through
pathways of amino acid metabolism also contribute posi-
tively to growth in both Arabidopsis and Populus. Faster
growing Arabidopsis genotypes were predicted to employ
the more energy-efficient purine salvage pathway for AMP/
GMP production over de novo synthesis. Indeed, a similar
mechanism has been observed in potato tubers previously,
when downregulating the UMP synthase enzyme (present
in de novo pyrimidine synthesis), the uridine salvage path-
way was activated and tuber growth was increased
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Figure 7. Interpathway and intrapathway epistatic interactions in Populus and Arabidopsis.

(a) Negative epistatic interactions between genes (red dotted lines) identified to have functional SNPs in the mevalonate (MVA) and methylerythritol 4-phos-
phate (MEP) pathways of terpenoid biosynthesis in P. trichocarpa. (b) Intrapathway epistatic interactions between genes identified to have functional SNPs in
the lignin biosynthesis pathway of A. thaliana. 2-C-methyl-p-erythritol 2,4-cyclodiphosphate synthase; CDP-ME, CDP-methyl-p-erythritol; CDP-ME-2P, CDP-
methyl-p-erythritol 2-phosphate; DXP, deoxyxylulose-5-phosphate; DXP reductoisomerase, deoxyxylulose-5-phosphate reductoisomerase; HMIG-CoA: 3-hydroxy-
3-methylglutaryl-CoA; HMG-CoA synthase: hydroxymethylglutaryl-CoA synthase; IPP, isopentenyl diphosphate; ME-2, 4cP, 2-C-methyl-p-erythritol-2,4-cy-
clodiphosphate; MECDP synthase, HMIBDP, (e)-4-hydroxy-3-methylbut-2-en-1-yl diphosphate; MVA kinase, mevalonate kinase; phosphoMVA kinase, phospho-
mevalonate kinase. Metabolite names are shown in blue, gene IDs in black and corresponding enzymes in orange.

(Geigenberger et al., 2005). The UMP biosynthetic pathway
also emerged as a potential target in Populus, in which
SNPs in genes encoding for dihydroorotase and dUTPase
were found to have functional SNPs. Some putative
growth-determining SNPs were also predicted for both
plant species in core metabolic processes such as folate,
shikimate, and pyrimidine metabolism. These SNPs and
combinations thereof form the basis of SNPeffect guided
strategies for improved growth yield.

The combined effect of multiple genetic mutations on
the overall phenotype was further assessed using epista-
sis. By examining the distribution of epistatic interactions
between functional SNPs, negative epistatic pairs can be
avoided when designing breeding experiments that com-
bine genotypic traits from multiple accessions (Segre
et al., 2005). There are several experimental approaches for
measuring epistatic effects (Koornneef et al, 1994;
Michaels, 1999), the prevalent one in plant systems being
quantitative trait locus (QTL) mapping (Paterson et al.,
1988; Jansen and Stam, 1994; Zeng, 1994). Although it has
helped elucidate functional relationships between many
genes, such studies have rarely considered epistasis at the
resolution of individual genes on a genome-wide scale.
Even though studies in model organisms have revealed

© 2020 The Authors.

significant epistasis (Clark and Wang, 1997; Elena and Len-
ski, 1997), this is because mapping epistatic interactions is
time and resource intensive. Large population sizes are
required to sample the landscape of possible genetic inter-
actions and detect significant interactions. Even in geneti-
cally tractable systems such as S. cerevisiae, a genome-
wide interaction screen would entail testing ¢. 18 million
pairwise interactions. For P. trichocarpa which has c. 40 000
genes and a much longer lifespan, such a scan would be
prohibitive. In the present work, we explored epistatic
effects between SNPeffect-identified SNPs using FBA,
which offers a complementary path for predicting a subset
of such epistatic interactions occurring within metabolic
genes. It has been used previously to investigate the fit-
ness consequence of single-deletion mutations (lbarra
et al., 2002; Papp et al., 2004) and elucidate epistatic rela-
tionships between metabolic genes, reactions, and path-
ways (Chowdhury et al., 2015; Deutscher et al., 2006;
Harrison et al., 2007; He et al., 2010; Segre et al., 2005; Xu
et al., 2012).

It is important to emphasize that SNPeffect accounts
only for SNPs in the enzyme-coding (or promoter) regions.
However, a majority (c. 88%; MacArthur et al., 2016) of
GWAS-identified SNPs lie in intergenic or intronic regions
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and possibly influence gene regulation. Regulatory interac-
tions such as enzyme activation and feedback inhibition
were not included in the current version of SNPeffect.
Extensions of FBA (O’'Brien et al, 2015) incorporating
aspects of gene regulation offer a way forward for incorpo-
rating SNPs even in non-coding regions within SNPeffect
in future. Ultimately, SNPeffect provides a complementary
avenue of analysis to GWAS as it can: (i) provide a mecha-
nistic interpretation of the deciphered genotype-to-pheno-
type relations; (ii) is immune to the confounding effects
caused by population structure and multiple-testing, (iii)
can handle both monogenic and polygenic traits; (iv) resul-
tant SNP hits can be used as priors in genomic selection;
and (v) SNPeffect meta-analysis can evaluate and explain
GWAS hits.

EXPERIMENTAL PROCEDURES
GENOME-SCALE METABOLIC MODEL RECONSTRUCTION

In SNPeffect, we make use of a genome-scale metabolic (GSM)
model to encode the connection between genes, enzymes, and
metabolites participating as substrates or products. GSMs contain
the complete list (known up to the present) of the chemical reper-
toire of an organism, the set of gene(s) needed to be expressed to
generate a functional enzyme for a given reaction, and the com-
plete stoichiometry of all such reactions (Varma and Palsson,
1994; Orth et al., 2010). The process of genome-scale model recon-
struction naturally lends itself to an iterative approach accompa-
nied by several rounds of model refinement and curation. Multiple
plant metabolic models already exist for species such as Ara-
bidopsis (de Oliveira Dal’'Molin et al., 2010), maize (Saha et al.,
2011; Simons et al., 2014), barley (Grafahrend-Belau et al., 2009),
and rice (Lakshmanan et al., 2013).

Arabidopsis thaliana

For Arabidopsis, we adopted the previously published and exten-
sively used leaf-specific metabolic model AraGEM (Gomes de Oli-
veira Dal'Molin et al., 2015; de Oliveira Dal'Molin et al., 2010) and
altered 50 reaction directions so as to remove thermodynamically
infeasible cycles (Table S4). AraGEM captured more metabolites
present in the metabolomics dataset than the more recently pub-
lished model (Beckers et al., 2016) thereby enabling us to better
constrain the feasible solution space using reaction rate expres-
sions derived from mass-action kinetics. The Arabidopsis GSM
constructed by (Mintz-Oron et al., 2012) had a greater number of
reactions participating in thermodynamically infeasible cycles.

Populus trichocarpa

Unlike Arabidopsis there is currently no metabolic model for
poplar. We used a workflow extensively used by our group
(Simons et al., 2014) during the reconstruction of the metabolic
model for P. trichocarpa iPop7188. A draft model was first created
using the PoplarCyc database consisting of 2502 metabolites par-
ticipating in 3282 reactions catalyzed by enzymes coded by 7188

genes. This draft model was curated so as to remove metabolites
and associated reactions with ambiguous atomic compositions
(i.e. generic reactants such as ‘carboxylates’ and those having an
R group in their chemical formula such as ‘aldose’). Every reaction
was subsequently elementally balanced (Chan et al., 2017) and
network gaps filled in to enable biomass production (Satish
Kumar et al., 2007) (see Table S5 for details on the biomass equa-
tion reconstruction).

The draft model directly constructed from PoplarCyc did not
contain compartmental annotations for reactions and their partici-
pating metabolites. P. trichocarpa-specific enzyme localizations
were downloaded from BRENDA and UniProt databases for
approximately half (c. 48%) of the reactions. Compartmentaliza-
tion information was also called from Arabidopsis (SUBA data-
base), with gene homologs being established using a bidirectional
protein-protein BLAST. The highest priority was given to Populus
trichocarpa-specific annotations, followed by Populus-specific and
then Arabidopsis annotations. Compartment-designation for the
remaining reactions was carried out computationally using a
metabolic network-based procedure (S. Mintz-Oron et al. 2009).
The method predicts localizations while maximizing flux through
known reactions and parsimoniously adding cross-membrane
metabolite transporters. The procedure takes as input the a priori
localization for a subset of reactions and the set of non-localized
reactions is duplicated in every subcellular compartment. Next,
cross-membrane transporter reactions are added for every
metabolite to enable metabolite exchange. Binary variables are
assigned to every localized reaction to count the number of reac-
tions that carry a non-zero flux. Then, a mixed-integer linear pro-
gramming (MILP)-based optimization procedure is implemented
with a tilted objective that maximizes the number of flux-carrying
localized reactions while minimizing the total flux through all
added transporters. A flux-variability analysis is finally carried out
to determine the flux ranges of every non-localized reaction in
every compartment. A reaction is then allocated to the compart-
ment where it is found to carry the maximum flux.

Gene-protein reaction (GPR) relationships were established
using the latest annotated P. trichocarpa genome (version 3.1).
For reactions that are found in multiple compartments, as
attempts of predicting subcellular compartmentalization using
computational tools such as WoLFPSORT have been previously
unsuccessful due to ambiguous and inconsistent assignments
(Dal'Molin et al., 2010), we followed the conservative approach
taken by previous reconstruction efforts (Dal’'Molin et al., 2010;
Gomes de Oliveira Dal'Molin et al. 2015; Saha et al., 2011). All
genes coding for the catalyzing enzyme(s) were assigned to all
subcellular organelles that the reaction features in.

Constraint-based modeling such as FBA poses restrictions on
possible metabolic flux distributions by imposing mass balance
imperatives for all metabolite species in the system. The flux for
biomass precursors is largely determined by knowing the total
biomass production flux and the ratio of precursors to form one
unit of biomass. However, the synthesis of biomass precursors
only consumes a fraction of the cell's total energy budget.

© 2020 The Authors.
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Masakapalli et al. (Masakapalli et al., 2010) calculated that only
10-13% of the total ATP produced in heterotrophic Arabidopsis
cells was being used for biomass production with the remaining
used for processes such as transporting metabolites between
compartments, substrate uptake, and maintaining transmembrane
ion and electrical gradients. Hence, other energy costs such as
metabolite transport and maintenance costs must be accounted
for in order to accurately estimate subcellular fluxes (Cheung
et al., 2013). Maintenance cost for the current model was calcu-
lated by introducing an ATP drain in the form of an ATPase into
the model (reaction ID ‘ATPM’) similar to Poolman et al. (2009).
Flux through this ATP demand reaction was then varied to deter-
mine the level at which the glucose uptake rate matched the
experimentally observed value recorded by Zhang et al. (2018b)
using metabolic flux analysis in hybrid poplar. The ATP mainte-
nance demand thus estimated was 11.99 mmol gDW~" h™", which
is within the range of values used before in plant metabolic mod-
els (Poolman et al, 2009; Cheung et al., 2013; Yuan et al.,
2016). The poplar metabolic model (iPop7188) is included in SBML
format (Data S1).

Identifying causal SNPs using SNPeffect

SNPeffect uses as a scaffold the plant metabolic network on which
heterogeneous proteomic, metabolomic, and phenotypic datasets
are superimposed. Let I and J be the sets of metabolites and reac-
tions present in the plant metabolic model, respectively. The net-
work stoichiometry is captured using a stoichiometric matrix Sj;,
each entry of which denotes the stoichiometric coefficient of
metabolite i in reaction j. Thus, rows in the matrix correspond to
metabolites and columns to reactions present in the model. Flux
through a reaction j is denoted by v;, which is constrained to be
between an upper and lower bound (determined by thermody-
namics) (Equation 1):

v]-LBSV/gv}jB, vjielJ (1)

We implemented the pseudosteady state condition associated
with FBA (Orth et al., 2010), where the flux through all reactions
producing a metabolite is equated to the flux through all reactions
that catabolize it (Equation 2):

Y Spj=0, Viel (2)
j
This can be viewed as averaging over the 24-h diurnal cycle.
Although metabolite concentrations change during plant growth,
a study comparing metabolic flux analysis (MFA)-obtained flux
distributions across different conditions and tissue types found
that the resultant fluxes varied more between different tissues
than when the same tissue was subjected to different environ-
ments (Sweetlove et al., 2013). This indicates that metabolic fluxes
are driven primarily by the demands placed on the system (such
as biomass composition and ATP yield), and since it is the fluxes
that govern the biological activity of a cell, Equation (2) is a rea-
sonable assumption to make in order to calculate aggregated
fluxes.

© 2020 The Authors.

Let L denote the set of genotypes in the study. Each genotype is
represented in SNPeffect by its own metabolic model, bearing the
same network stoichiometry S; but a distinct flux distribution
(vji,¥j € J,YI € L). A genotype is chosen as the fixed reference ('ref’)
for the population and every other genotype is evaluated with
respect to it (such as while determining SNPs, relative metabolite
levels, and RGRs). Columbia-0 was chosen as the reference geno-
type for Arabidopsis and Nisqually-0 for poplar in the present study.

Phenotypic constraints are incorporated in SNPeffect from
metabolomics and growth data. The RGR of genotype | (RGR))
(with respect to the reference genotype) is used to set (in relative
proportion) the flux through the biomass reaction for each geno-
type (Equation 3), i.e.:

Vbiomass, = RGRVbiomass ref, V1 € L (3)

where Vpiomassref 1S the maximum biomass production flux.
Metabolite levels obtained from metabolomics data are incorpo-
rated using mass-action kinetics (Sajitz-Hermstein et al., 2016),
where the flux v through an irreversible reaction jin a genotype /
is expressed as (Equation 4):
vi=kiEp [ (Ca)lS! (4)
i|S; <0
Here kj is the rate constant for the reaction j in genotype I, Ej is
the abundance of the catalyzing enzyme j in genotype /, and §;; is
the stoichiometric coefficient of metabolite i in reaction j. Cj is a
parameter representing the amount of metabolite i in genotype /
whose value is obtained from genotype-specific metabolomics data.
Equation (3) expressed with respect to the reference genotype
is (Equation 5):
max

. kiiEj (') Sl Vi (creh
Vil = Vjref k E il = Viref Vmax il
\j.ref Ej.ref i15;<0 Jref j|S; <0

Sij

(5)

where V7% is the maximum rate of reaction j, and Cj is a
parameter representing the amount of metabolite i in genotype /
(relative to the reference genotype) whose value is obtained from
genotype-specific metabolomics data. Similar to (Sajitz-Hermstein
et al., 2016), the largest and smallest metabolite ratios (over all
measured metabolites for a given genotype) were used for
metabolites not present in the metabolomics dataset.

Implementing parsimonious flux balance followed by flux-vari-
ability analysis, we obtain reaction bounds for a reaction j in the
reference genotype (LB; o, UB; or) (hereby referred to as the ‘ref-
erence flux distribution’). We can then replace v in (4) by
(LB; rer, UB ref) and thus constrain the flux through a reaction j in a
genotype / as (Equation 6):

LB: ‘/ﬁnax Crel ‘Sf/\< L <
j,ref Vmax H ( il ) SV s

j.ref i\S;j<0 (6)
Vi 531
i J! rel\ 19i
UBNef \/max H (Cil )
jref J i|S;<0
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Several studies have demonstrated that enzymes in plant central
metabolism are not substrate saturated (i.e. substrate concentra-
tions are lower than the enzyme’s K.,) (Harris and Koniger, 1997;
Mettler et al., 2014), to which our approach is readily applicable.
However, this may not be the case for all enzymes considered in a
large-scale model (Sajitz-Hermstein et al., 2016). In this case, the
imposed metabolite ratio constraints are expected to lead to infea-
sibilities, especially for reactions catalyzed by enzymes without any
SNPs in the corresponding genes. Thus, for a reaction with no
SNPs in the corresponding genes, the reactions bounds are con-
strained as (Equation 7):

1 | Siil
LB/‘,,—ef H (Cﬁe ) < Vil +dev;-',eg — dev?,”s < UBj,,—ef
i15;<0

I ()™, viesavieL
i18;<0

(7)

where dev‘;,‘”,and dev;’,"’g represent deviations from mass-action
kinetics (Sajitz-Hermstein et al., 2016).

SNPeffect casts the effect of a SNP as affecting reaction rate by
changing the product of an enzyme's rate constant and its abun-
dance (i.e. Vnax) with respect to the reference genotype. The pres-
ence of a SNP can either over-regulate or under-regulate enzyme
Vmax by either increasing or decreasing its activity (k) and/or abun-
dance (E), respectively. This effect is ultimately propagated at the
metabolic level by increasing or decreasing the corresponding reac-
tion flux. Thus, for a reaction which has SNPs in the corresponding
genes, the reaction bounds are expressed as (Equation 8):

LByt [] (CF)™" <vji+ SNPdev'®s — SNPder”? + dev'ss
i185<0
—deV* < UBer ] (C)™, VieduvieL  (8)
i155<0

where SNPdevﬁ"s and SNPdevj’.}Eg represent the positive and negative

deviation from the reference flux distribution due to the presence of

SNPs, respectively. These slacks allow the flux through a reaction to

increase (via SNPdevj” when the reaction upper bound

UBjrer 11 (C,.’,e’)‘s’f‘ is limiting) or decrease (via SNPdev;® when the
i1 <0

|Si

reaction lower bound LB;.r ] (Ci') lis limiting) in order to

iS5 <0

satisfy all imposed phenotypic data. Thus, (7) is the limiting case of

(8) when there are no functional SNPs in the genes for reaction j and
vper

the ratio <VT3;> from (5) equals one. However, if there is a functional
Tre

SNP in the corresponding genes, its effect on (%) can be cap-
tured by the slack variables SNPdev** and SNPdev;™®. These updated
reaction bounds translate downstream into increased (or reduced)
biomass synthesis, thereby presenting a genotype as having a
growth benefit (or penalty) with respect to the reference.

Next, we decompose reaction slacks SNPdevﬁ"S and SNPdevl’.}eg in
terms of the contributions from the individual SNPs present in the

gene(s) encoding for the enzyme catalyzing reaction j. This is

done using the GPR relationships for reaction j by defining a
matrix Ajy with entries such that (Equation 9):

1, if reaction j is associated with SNP k
Ay = in genotype | (9)
0, otherwise

SNPeffect does not account for any structural protein informa-
tion and can thus only comment on the final effect of a non-syn-
onymous SNP on reaction flux. Thus, we assume that reaction
flux is increased (or decreased) proportionally to the activity of
SNP(s) found in the corresponding genes. For isozymes, this
entails an increase (or decrease) in the net enzymatic activity
(Wang et al., 2006). For enzymes encoded by protein subunits,
nsSNPs can both increase enzymatic activity (such as by stabiliz-
ing the catalytic conformation (Clifton et al., 2018)) or decrease it
(such as by destabilizing protein-protein interactions by disrupt-
ing existing salt bridges (Richard et al, 2003) or introducing
charged residues that disrupt hydrophobic interactions (Colombo
et al., 1994)). We model the final impact of SNPs on reaction flux
by combining effects of multiple SNPs additively, and SNPdev}”
SNPdev;’fg are thus written as (Equation 10):

SNPdevi* = Z AwXy',  SNPdevi® = Z AjXyt  (10)
K K

where K is the set of all SNPs and X};" (or X};*) is the contribution
of SNP k in genotype | toward increasing (or decreasing) flux
through reaction j.

We further require that the effect of a particular SNP across all
genotypes (i.e. same amino acid change at the same genomic
position) be consistent (i.e. either enhances or suppresses enzyme

pos

activity). For this, we employ binary variables yf°* and y;/* such
that (Equations 11-13):

pos _ | 1, if SNP k is activity—enhancing (1)
Ve = 0, otherwise
and
neg | 1, if SNP k is activity—suppressing (12)
Ve = 0, otherwise
and a matrix By to map SNPs to genotypes such that
Bu — 1, if SNP k is present in genotypel (13)
=130, otherwise

The following constraints are implemented to ensure consistent
SNP consequence across genotypes (Equations 14-16):

0<XI” <MyP*By, VkeKe&lel, (14)
0< X" < My®B,, VkeK&lelL, (15)
yPo 4y <1, vk ek, (16)

Here, M is a scalar large enough so as not to artificially con-
strain any possible value of X};* or X};* (taken to be 100 in the cur-
rent study). The final constraint (16) ensures that a SNP k either
increases or decreases catalytic activity.
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In order to obtain a parsimonious description of the phenotypic
differences seen between genotypes as a function of the SNPs
present in the metabolic genes, we formulate and solve the fol-
lowing mixed-integer minimization problem (Equation 17):

ji
+w22(dev§,’" —f—dev;’,eg) (17)
I

such that (Equations 18-26):

minimize Y > " (SNPdev” -+ SNPdev'y®)
[

;s,,v,-, =0, vicwvieL (18)
LB, rer H (cre! )‘SU‘ <vji + SNPdev* — SNPdev;” + devif®

i155<0

—deV” <UBjer T] (CF)™, WiedtvieL (19)
i1S;;<0
Vbiomass.| = (RGRI)Vbiomass,reh vielL (20)
SNPdev'* =" AjXiy®, Vj € J&vl € L (21)
K

SNPdeviy® =" AjXf, Vj € J&vl €L (22)
K

0<XE” < MByyP®, VkeK&vlel (23)
0<X™ < MByy™, vk e K&viel (24)
yPo 4y <1, ke K&vlelL (25)

SNPdev?,”s,SNPdev;',eg,devj-',‘”,dev;'fg >0, VjeJ&vlelL (26)

Parameter  is a penalty factor that over-penalizes (100 fold in
the present simulations) deviations (dev‘;,‘”,dev;’f“') away from the
assumed mass-action kinetics (Sajitz-Hermstein et al., 2016) when-
ever there is no SNP(s) to explain discrepancies. Deviations that
can be explained as the outcome of SNP(s) are quantified by vari-
ables SNPdev‘;,"S and SNPdev;.'fg. The same parsimony criterion is
imposed to both SNPdev‘;,‘”.SNPdev;-'fg and dev‘;,"s.dev}'fg : however, the
penalty for discrepancies in SNPdev’;fs,SNPdev;’fg is 100 times larger.

Solving the above optimization problem provides a parsimo-
nious set of functional SNPs across all genotypes (i.e. non-zero val-
ues of Xi/* and X};*), flux departures from the reference genotype
dueto SNPs (SNPdevj?,‘",SNPdev}’,”g), flux departures from mass-action
kinetics (devﬁ”s,dev}’fg), and the flux distribution across all genotypes
(vj1). The parameters obtained from data are Sj; (stoichiometric coef-
ficient of metabolite i in reaction j), LB; .r, UB; er (reaction bounds
for reaction j in the reference genotype), RGR, (Relative Growth Rate
with respect to the reference genotype (Columbia-0 for Arabidopsis
and Nisqually-0 for poplar)), A (sparse matrix used to map SNPs to
reactions), By (sparse matrix used to map SNPs to genotypes), and
Cﬁe’ (level of metabolite i in genotype / with respect to the reference
obtained from metabolomics data).

Implementing SNPeffect for A. thaliana and P. trichocarpa

Arabidopsis genome sequences and non-synonymous SNPs were
downloaded from the 1001 Genomes project (Alonso-Blanco

© 2020 The Authors.

et al., 2016) and leaf-specific metabolomics data were taken from
Wau et al. (2018) for c¢. 54 unique metabolites in every genotype.
Growth data (relative leaf area increase) (Atwell et al., 2010) were
found for 69 genotypes and used to constrain the flux through the
biomass reaction, but additional phenotypic constraints such as
photosynthetic CO, evolution or nutrient uptake rates can also be
added if available. SNPeffect requires SNP and phenotypic data
for every genotype, which is why, although SNP data are available
for 1001 genotypes (Alonso-Blanco et al., 2016) and metabolomics
data for 309 genotypes (Wu et al., 2018), the final number of Ara-
bidopsis genotypes in the study is 69 (genotypes with RGR data).
In accordance with previous GWAS studies, SNPs with a
MAF < 1% were excluded from the study (Scuteri et al., 2007;
Hamblin and Jannink, 2011) and SNPs within 10 kbp of a gene
were assigned to that gene (due to the possibility of gene activity
being affected by the presence of SNPs in enhancer/repressor
regions) (Biscarini et al., 2016; Brodie et al., 2016; Lee and Shatkay,
2008; Torkamani et al., 2008). In total, 8269 non-synonymous SNPs
were found across 69 genotypes, with c. 73% of Arabidopsis meta-
bolic genes having at least one non-synonymous SNP. 16.6% of
the SNPs are within coding regions and 83.4% within the 10 kbp
stretch, with the average gene length being 3276 bp. A genotype-
wise distribution of SNPs can be found in Figure S1, gene-wise
distribution of unique SNPs (across all genotypes) in Figure S5,
and metabolite abundances have been summarized in Figure S3.
The leaf-specific GSM AraGEM served as the metabolic network
for Arabidopsis and was used for all calculations.

Similarly, genome sequences for 882 poplar clones were
obtained from the Bioenergy Science Center database (https://bioe
nergycenter.org/besc/gwas/) and phenotypic data (i.e. crown bio-
mass and glucose and xylose sugar release) for 160 of those were
available in Muchero et al. (Muchero et al., 2015). The sequence
data were processed and SNPs within 10 kbp of all genes in the
metabolic model identified using pyVCF (https://github.com/jame
scasbon/PyVCF). SNPs with a MAF <1% were excluded from the
study (Scuteri et al., 2007; Hamblin and Jannink, 2011). Then, non-
synonymous SNPs were extracted using SnpEff (http://snpeff.sour
ceforge.net/). The poplar input dataset had 24 877 SNPs in 160
genotypes, with c. 68% of poplar metabolic genes having at least
one non-synonymous SNP. 42.5% of these SNPs are within coding
regions and 57.5% within the 10 kbp stretch, with the average gene
length being 3107 bp. A genotype-wise distribution of SNPs can be
found in Figure S2, gene-wise distribution of unique SNPs (across
all genotypes) in Figure S6 and metabolite abundances have been
summarized in Figure S4.

For both the organisms, the reference flux distribution was cal-
culated using parsimonious FBA (pFBA) (Lewis et al., 2010) as its
predictions have been found to be as good or better than those
obtained using methods integrating transcriptomics/proteomics
data (Machado and Herrgard, 2014). Briefly, pFBA calculates a flux
distribution that minimizes the total flux through all metabolic
reactions in the model. The General Algebraic Modeling System
(GAMS) (using the Cplex solver) was used to implement SNPef-
fect and Python 2.7 used to generate all input files. A GAMS
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implementation alongside the necessary Python code can be
downloaded from the research github repository (https://github.
com/maranasgroup) and group webpage (http:/www.maranas
group.com/software.htm). All computations were carried out on
dual 10-core and 12-core Intel Xeon E5-2680 and Intel Xeon E7-
4830 quad 10-core processors that are part of the ACI cluster of
High-Performance Computing Group of Pennsylvania State
University. SNPeffect requires the solution of a sequence of
mixed-integer linear MILP problems whose size is determined by
the number of SNPs included in the study as two binary variables
need to be defined for every SNP present in the study. For the
Arabidopsis dataset (with ¢. 8500 SNPs) SNPeffect took ¢. 30 min
to run, and for the poplar dataset (with ¢. 25 000 SNPs) the algo-
rithm took ¢. 70 min.
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Figure S1. (a) Genotype-wise distribution of non-synonymous
SNPs (nsSNP) in the Arabidopsis input dataset. (b) Genotype-wise
distribution of non-synonymous SNPs (nsSNP) in Arabidopsis in
the genes identified by SNPeffect to have functional SNPs. SNPs
present within a gene are shown in orange while SNPs present in
the 10 kbp region are shown in blue.

Figure S2. (a) Genotype-wise distribution of non-synonymous
SNPs (nsSNP) in the poplar input dataset. (b) Genotype-wise dis-
tribution of non-synonymous SNPs (nsSNP) in poplar in the genes
identified by SNPeffect to have functional SNPs. SNPs present
within a gene are shown in orange while SNPs present in the
10 kbp region are shown in blue.

Figure S3. Genotype-wise distribution of metabolites in the Ara-
bidopsis input dataset (taken from Wu et al., 2018). Metabolite
levels are shown on the x-axis while genotype IDs are listed on
the y-axis.

Figure S4. Genotype-wise distribution of glucose (shown in blue)
and xylose (shown in orange) in the poplar input dataset (taken
from Muchero et al., 2015). Metabolite levels are shown on the x-
axis while genotype IDs are listed on the y-axis.

Figure S5. Gene-wise distribution of SNPs (across all genotypes)
in the Arabidopsis input dataset. SNPs present within a gene are
shown in orange while SNPs present in the 10 kbp region are
shown in blue.

Figure S6. Gene-wise distribution of SNPs (across all genotypes)
in the poplar input dataset. SNPs present within a gene are shown
in orange while SNPs present in the 10 kbp region are shown in
blue.

Table S1. List of all functional SNPs identified in Arabidopsis thali-
ana alongside their activities, and the corresponding gene, the
minor allele frequency (with respect to the reference genotype),
experimental evidence for growth-related effects and functional
characterization using the CDD database (wherever applicable),
and the associated metabolic pathway(s).

Table S2. List of all functional SNPs identified in Populus tri-
chocarpa alongside their activities, and the corresponding gene,
the minor allele frequency (with respect to the reference geno-
type), experimental evidence for growth-related effects and func-
tional characterization using the CDD database (wherever
applicable), and the associated metabolic pathway(s).

Table S3. Summary of the unique epistatic interactions found
among genes associated with functional SNPs in Arabidopsis
thaliana.

Table S4. List of changes made to the AraGEM model so as to
remove thermodynamically infeasible cycles.

Table S5. Details of the iPop7188 biomass equation.

Table S6. Summary of the unique epistatic interactions found
among genes associated with functional SNPs in Populus tri-
chocarpa.

Data S1. Poplar metabolic model (iPop7188) in SBML format.
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