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Abstract

Stress sensitivity and tolerance are the consequences of coordinated regulation by multiple genes. Existing genetic tools
can identify key genes that mediate metabolic and physiological processes sensing and perceiving stresses. However, it has
become increasingly clear that the end-point phenotype of stress response resulting from these intermediate processes
involves intricate but well-coordinated networks constituted by a large array of genes. Here, we describe an emerging
functional game-graph theory to coalesce all genes from mapping or association studies into genetic interaction networks.
These networks enable geneticists to trace, visualize, and interrogate the precise roadmap of how each gene acts and interacts
with every other gene to mediate stress response. By shifting reductionist thinking to a holistic, systems-oriented thinking,
this theory overcomes a major challenge of elucidating the detailed genetic architecture of stress response.

Stress response is an ecological
evolutionary developmental
process

Every organism experiences various forms of stresses in its
lifetime. While responding to stress signals, the organism may
use two strategies: the first involves triggering transcriptional and
metabolic reprogramming, as a means to maintain homeostasis
and prevent cellular impairment [1, 2], and the second pertains to
active reduction of growth, an attempt to maximize the likelihood
of survival [3]. Both these strategies come with trade-offs as
evidenced by the fact that stress-tolerant organisms tend to have
lower growth rates and production [3, 4]. Current studies in stress
biology mainly focus on characterizing the details of molecular,
genomic, and biochemical mechanisms that shape an organism’s
defense against stresses [5-9]. Yet, little is known about the
genetic architecture underlying the trade-offs between stress
tolerance and growth reduction, thereby limiting our capacity
to engineer stress-resistant and fast-growing genotypes.
Trade-offs of these two response strategies can be explained
as an ecological evolutionary developmental (eco-evo-devo)
process. The homeostasis strategy conforms to developmental
canalization (or robustness), which produces a consistent
phenotype from one environment (e.g. stress free) to the next
(e.g. stress exposed) to minimize its loss under stress [10]. The
growth reduction strategy is relevant to phenotypic plasticity,
which allows an organism to change its phenotype to better adapt
to a stress [11-17]. The organism becomes adaptive to stress by
sensing stress signals early in life, followed by the development of

adaptive phenotypes in later stages of life [18, 19]. From this point
of view, the end-point phenotype of stress response is the con-
sequence of complex interactions of developmental canalization
and phenotypic plasticity with the third eco-evo-devo property—
phenotypic integration, which is characterized by stress-induced
change of one trait leading to the corresponding changes of
other traits through genetic, developmental, and functional
connections [20, 21].

Figure 1 illustrates how each of the three eco-evo-devo prop-
erties exerts distinct impacts on stress response. Developmen-
tal canalization and phenotypic plasticity operate in a way that
counteracts each other, because the former acts at a cost of the
latter and vice versa. Despite such inconsistency, these properties
are ultimately balanced, giving rise to overall stable phenotypes
under stress. To that end, any stress response can be quanti-
tatively measured as the difference between trait growth under
stress-free and stress-exposed conditions [4]. This measure can
reflect temporal changes of stress response due to interactions
between an organism’s genes, environment, and development
that maintain, release, or create phenotypic variation in stress-
related traits. Through natural selection, this variation can be sub-
sequently fixed, evolving novel phenotypes for stress adaptation
(Fig. 1) [22].

In this framework, the same gene on a chromosome exerts
different genetic effects on the seedlings grown in two contrast
environments (E1 and E2). The genetic effect interacts with devel-
opment (G x D) to shape seedling traits at a late stage through
three biological processes, developmental canalization (stress-
invariant developmental change), phenotypic plasticity (stress-
dependent developmental change), and phenotypic integration
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Figure 1 An eco-evo-devo model framework. The same gene on a chromosome exerts different genetic effects on the seedlings grown in two contrast
environments (E1 and E2). The genetic effect interacts with development (G x D) to shape seedling traits at a late stage through three biological
processes, developmental canalization (stress-invariant developmental change), phenotypic plasticity (stress dependent developmental change), and
phenotypic integration (multi-trait developmental correlation change due to stress). Under natural selection, the traits displaying phenotypic plasticity
diverge to morphologically, functionally and developmentally different phenotypes, possibly giving rise to speciation.

(multitrait developmental correlation change due to stress).
Under natural selection, the traits displaying phenotypic plasticity
diverge to morphologically, functionally, and developmentally
different phenotypes, possibly giving rise to speciation.

In this mini-review article, we propose a new theoretical frame-
work for systematically mapping the genetic control mechanisms
of stress response using commonly used mapping and associa-
tion populations. Different from traditional analytical methods,
this framework introduces eco-evo-devo theory to define stress
response as a dynamic curve of phenotypic differences and map
this curve into bidirectional, signed, and weighted genetic interac-
tome networks through the seamless integration of elements from
different disciplines. This framework is defined as the functional
game-graph theory (FunGG).

Functional mapping and
evolutionary game theory

As defined above, stress response is the developmental dif-
ference in growth under stress from stress-free control, which
is mathematically a composite dynamic complex trait. Thus,
understanding the genetic architecture of stress response is
equivalent to mapping the composite dynamic trait. Wu and his
team developed a statistical model, called functional mapping,

which characterizes the developmental genetic control of
dynamic traits [23-25]. Functional mapping has been leveraged
to map a composite dynamic trait as a mathematical function
of two or more dynamic traits [26]. This so-called composite
functional mapping can be readily implemented to estimate and
test the temporal pattern of genetic variation in stress response
[27]. Although this approach can map pairwise epistatic effects
due to two different loci, its derivation rationale was based
on the marginal model, thus failing to perform a systematic
characterization of genetic interactions among all loci. Also, the
detection of epistatic effects by a marginal model requires an
extremely large sample size (say 5000) [28], which is hardly met by
the majority of genetic mapping studies.

The above issues have been overcome by integrating genetic
interactions through the lens of evolutionary game theory [29].
According to classic game theory [30], a player (e.g. a gene) strives
to maximize its payoff (i.e. the effect exerted by a gene) not only by
optimizing its own strategy but also by considering strategies of its
partners. Different players (i.e. genes in our case) keep adjusting
their strategic decision rationally until the Nash equilibrium is
reached [31]. Maynard Smith and Price leveraged game theory
to evolutionary game theory [32], in which evolutionarily stable
strategy (ESS) refines the equilibrium concept of the Nash
equilibrium. The equilibrium of ESS does not rely on the rational
assumption, but rather what can be approached through nature
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selection. Sun et al. [29] integrated evolutionary game theory and
predator-prey theory [33] to build up a group of generalized
Lotka-Volterra ordinary differential equations (gLVODE) that
consider all genes as a system.

For each gene, gLlVODE decomposes its observed genetic
variance trajectory (by composite functional mapping) into its
temporal independent component (due to this gene’s decisive
strategy) and temporal dependent component (due to the decisive
strategy of other genes). The independent genetic variance
component arises when this gene is assumed to be in a socially
isolated condition, whose magnitude implicates the intrinsic
capacity of this gene, whereas the dependent genetic variance
component results from (positive or negative) regulation for this
gene by other genes, with its magnitude and sign reflecting the
strength of gene-gene interaction and its causality. Sun et al. [29]
implemented a nonparametric approach to smoothen temporal
independent and dependent components, providing a procedure
for estimating the values of these components and drawing their
time-varying curves.

Functional game-graph theory

The independent genetic variance components of different genes
are coded as nodes and the dependent genetic variance compo-
nents of different gene pairs as edges into mathematical graphs
in which the roadmap of how each gene acts and how each pair
of genes interacts can be charted at an unprecedented resolu-
tion of detail. The combination of functional mapping and evo-
lutionary game theory through predator-prey equations into the
graph paradigm forms a new theory—FunGG. Compared with tra-
ditional network approaches, FunGG is characterized by many
unique advantages, as detailed in the subsequent sections.

Mechanistic epistatic networks

FunGG can capture all topological properties of genetic inter-
actions, which include strength, causality, sign, and feedback
cycle. This is an improvement over existing quantitative genetic
approaches that can only estimate the overall strength and sign of
epistasis, but fail to characterize causality and feedback cycle.
FunGG can also reveal the mechanistic underpinnings of the
epistasis detected by traditional approaches (Fig.2). In FunGG,
positive (or negative) epistasis can be classified into three types:
(i) the two genes promote (or inhibit) each other to produce
synergistic (or antagonistic) epistasis, (ii) one gene promotes (or
inhibits) the second, but the second has no effect on the first,
to produce commensalistic or amensalistic epistasis, and (iii)
although one gene inhibits (or promotes) the second, the latter
promotes (or inhibits) the former, to produce aggressive or altru-
istic epistasis. FUnGG can characterize the bidirectionality, sign,
and extent of epistasis, significantly leveraging this phenomenon
from mere phenomenological observation to mechanistic
dissection.

Dynamic epistatic networks

Stress response changes dynamically over time; thus, genetic net-
works that mediate it should also dynamically change. Traditional
approaches can only reconstruct an overall genetic network from
temporal data measured at a large number of time points. By
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Figure 2 Epistasis observed between gene gene s and s’ by a conventional
approach (non-arrowed red and blue lines represent positive and
negative interactions, respectively) (A), which can be attributed to
different types of gene-gene interactions (B). Each of these types, which
provides a precise characterization of epistatic formation, can be
detected by FunGG. Arrowed lines stand for the causality of epistasis, with
the thickness of lines proportional to the strength of epistasis. Red and
blue lines represent promotion and inhibition, respectively.

@ Epislasi?@

estimating the values of independent and dependent components
at each time point, FunGG reconstructs time-specific genetic net-
works, thus allowing gene-gene epistasis to be traced and visu-
alized across temporal gradients. Using such temporal genetic
networks, one can use FunGG to compare and test topological
differences of genetic interactions among key time points, such as
the timing of stress sensing, the emergence of stress resistance,
and adaptation. This information is of fundamental importance
to understand the developmental genetic mechanisms of stress
response (Fig. 3).

Topologically coordinated epistatic
networks

Genetic networks reconstructed using FunGG are topologically
coordinated in space, because they meet three basic properties
of networks, causality, sparsity, and stability. As discussed
above, FunGG is powerful for unraveling the causality of genetic
interactions. In a gene community, each gene may possibly link
with every other gene, but this fully connected network may
not occur because they are vulnerable to random perturbations.
FunGG implements variable selection, such as LASSO [34] and its
variants [35, 36], to choose a small set of the most significant
genes that link with a given gene, which implies that each is
only linked with a small number of other genes. This further
implies that sparsely connected genetic networks with strong
robustness are reconstructed to buffer against any stochastic
errors. By formulating and maximizing the likelihood of all genetic
effect data, FunGG implements mathematical and statistical
algorithms to obtain the optimal estimates of independent
and dependent components. The networks reconstructed from
these estimates under the optimality condition possess inherent
stability.
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Figure 3 The dissection of genetic variation for stress response by FunGG. Temporal genetic variances of a stress-related trait (thick dark blue line)
explained by significant genes (A) and insignificant genes (B) tested by conventional marginally based statistical approaches include two components,
temporal independent genetic variances (thin red line) and temporal dependent genetic variances (thin green line) due to regulation by other genes.
Dark blue dots denote estimated genetic variances at different time points, fitted by FunGG equations.

Multilayer, multiplex, multiscale,
multifunctional networks

FunGG can also handle multidimensional genetic data. With the
advent of advanced biotechniques, an increasing amount of
genetic data for a complex trait can be collected and analyzed with
ease. Reconstructing omnigenic interactome networks from these
data is statistically challenging, given the fact that the number of
genetic interactions increases exponentially with the increasing
number of genes. This issue can be circumvented by introducing
developmental modularity theory [37], which suggests that genes
are more tightly linked with each other within the same modules
than with genes from different modules [38, 39]. Each module
represents a distinct subnetwork that may be sparsely linked
with other communities. FunGG implements functional clustering
[40, 41] to classify all genes into distinct modules based on
their similarity of temporal genetic effects on stress response.
Such classification of genes is equivalent to breaking down the
omnigenic network into subnetworks at a small scale that allows
us to trace, visualize, and interrogate the fine-grained roadmap of
how each gene acts and interacts with every other gene to mediate
stress tolerance, resistance, or sensitivity.

Stress networks vs. genome-wide
by environment interaction
networks for stress response

The genetic studies of stress response require genotypically
identical mapping populations to be reared in stress-free and
stress-exposed environments. Such multienvironment mapping
data can be used to dissect the phenotypic variation of a
stress-related growth trait into different components due to the
genetic effect, environmental effect, and genotype-environment
interaction (GEI) effect at individual genes by a longitudinal two-
way analysis of variance.

The genetic effect of a gene describes its overall effect on the
mean of the growth trait expressed in different environments,
whereas the environmental effect characterizes how much the
population mean of growth varies from one environment to the
next. These two types of effects provide limited information for
characterizing the genetic variation of stress response as a basis
for molecular breeding. The third type of effect, GEI, typically
can unravel the genetic variation of growth response to stressful
environments. While most existing approaches identify GEl effects
duetoindividual genes, Wangetal. [42] developed a genome-wide
by environment interaction study (GWEIS) model for coalescing
all genes into interactome networks. GWEIS relaxes the linearity
assumption of GEI effects by conventional quantitative genetic
models; instead, it characterizes any (linear or nonlinear) form
of how genes adjust their effects in response to environmental
change.

Like stress networks, GWEIS networks are also methodologi-
cally built on the integration of functional mapping, evolutionary
game theory, and predator-prey theory—the foundation of
FunGG. However, the stress and GWEIS network models are
different in several aspects of mapping gene-stress response
relationships. Stress networks attempt to unveil how the topology
of genetic networks mediate stress response, whereas GWEIS
networks characterize how stress induces the topological change
of genetic networks from stress-free to stress-exposed environ-
ments and vice versa. Stress networks investigate the genetic
basis of how a growth trait responds to a stressful environment.
This information is critical for evolutionary geneticists to infer the
evolution of stress response. On the other hand, GWEIS networks
characterize the environment-induced change of genetic control
over the trait, a body of information of fundamental importance
for breeders to select stress-adaptive genotypes. Taken together,
stress networks can illustrate the role of genetic architecture in
altering stress-relevant phenotypes, whereas GWEIS networks
work better in uncovering the impact of stress on the genetic
architecture of traits.
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Figure 4 A diagram demonstrating the procedure of network reconstruction and its interpretations. (A) data structure of a mapping population involving
genotypic data and phenotypic data collected in two contrasting environments. (B) Functional mapping of two-environment phenotypic traits. (C)
Network reconstruction for phenotypic plasticity and GEls.

A proof of concept: data structure,
stress network reconstruction, and
interpretation

Consider an SNP-genotyped (single nucleotide polymorphism, a
DNA sequence variant caused by a change in a single nucleotide)
mapping or association population of size n reared in stress-
free (E1) and stress-exposed environments (E2). This ecological
genetic experiment quantifies a stress-related phenotypic trait at
T successive time points in two contrasting environments, with
measurements initiated at the onset of stress. The corresponding
diagram depicts the resulting data structure, comprising geno-
typic data at p SNPs and longitudinal phenotypic recorded in both
environments. (Fig. 4A).

Let g;(t) denote the genetic variance of the trait at time t (t=1,
..., T)forSNPj (j=1, ..., p) estimated by composite functional
mapping (CoFunMap) or bivariate functional mapping (BiFunMap)
(Fig. 4B). Based on the estimated genetic variances, FunGG for-
mulates a system of gLVODEs for individual SNPs, expressed as

BiFuMap: Joint Mapping (y;; z)
E i E,

1

4) 5)
GWEIS Network

follows:

p
dgi(t)/dt = Q(gi(0; ©) + D_ Q (g (1); Op)
j'=1

+et;V),J #j=1,...,p

where (Q j(g;(1); ©)) is the time-varying independent genetic vari-
ance component of SNP j that occurs when this SNP is assumed
to be in isolation, (Q (g (t); ®jy) is the time-varying indepen-
dent genetic variance component of SNP j that results from the
influence of SNP j on this SNP, and ¢;(t; ¥)) is the residual error
distributed as (0, X;). The changes of independent and depen-
dent genetic variances over time can be fitted by a nonparametric
approach, specified by unknown parameters ®; and ®;, respec-
tively. The error term is fitted by a structured antedependence
model, specified by parameters W; [43, 44]. For each SNP j as a
prey, we implement LASSO-based variable selection to choose a
small set of the most significant SNPs that behave as a predator to
control the prey. Thus, fully connected gLVODEs described above
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are reduced to sparsely connected gLVODEs, which is the mathe-
matical formulation of FunGG.

By solving the reduced glLVODEs, we reconstruct genetic
interaction networks by coding the independent genetic variances
as nodes and the dependent genetic variances as edges into
graphs. Genetic variances by CoFunMap are used to infer stress
networks, whereas those by BiFunMap are used to infer GWEIS
networks (Fig. 4C). The hypothesized networks include six SNPs,
where nodes are denoted by circles with sizes proportional to the
component values and edges are denoted by arrowed red lines
(up-regulated epistasis) and T-shaped blue lines (down-regulated
epistasis), with thickness proportional to the strength of epistasis.
Based on the above procedure, we designed a genetic mapping
experiment using a full-sib family of two Euphrates poplar trees, a
desert-adapted tree species, sampled from a natural population.
The family was cloned and cultured in salt-exposed and salt-
free conditions, allowing the phenotypic plasticity of a stress
response-related trait to be calculated based on the difference
of trait values between the two conditions. FunGG reconstructed
a multilayer stress network from genome-wide SNP genotypes for
the growth response of Euphrates poplar to salt stress [27]. This
network identifies the marked effect of gene RPL38A (encoding a
structural constituent of ribosomes) on saline response that is due
to up-regulation by protein transport-encoding LOC105121577.
The same study population was also analyzed by the GWEIS
network model, finding that GEI at a gene may be modulated by
otherregulators [42]. In both stress networks and GWEIS networks,
the majority of genetic interactions identified by FunGG can be
annotated by characterized protein-protein interactions.

Concluding remarks

Stress response is an important biological phenomenon involv-
ing complex genetic architecture [45, 46]. Forward genetic
approaches have been instrumental for identifying key genes
or biochemical pathways involved in stress adaptation, but seem
to be limited in charting a complete picture of genetic control
over stress response. Reverse genetic strategies based on genetic
mapping and association studies can overcome this limitation,
but their application solely relies on the new concept, theory,
and method that can assemble a full set of genes into interaction
networks.

In this article, we describe how FunGG can trace and visualize
the detailed journey through which each and every gene stream-
lines its effect on stress response, either directly or indirectly. It
can predict whether the significance of a gene detected by conven-
tional reductionist approaches is due to its own intrinsic capacity
or favorable up-regulation by other genes, or both. FunGG can also
infer whether an insignificant gene tested is insignificant because
of its own poor capacity or because it is down-regulated by nega-
tive regulators. The FunGG proposed in this article is derived from
longitudinal data of stress response. It has now been extended
to infer stress networks from static data by integrating allometric
scaling law [47, 48]. The statistical behavior of FunGG has been
investigated and validated experimentally or through computer
simulation in previous studies [27, 42].

The fine-grained roadmaps of genetic effects recorded in
stress networks can potentially inform geneticists to effectively
perform marker-assisted selection or gene editing for improving
stress-adaptive traits. By silencing their negative regulators,

those seemingly insignificant genes in a socialized condition
can be activated to release their effects on stress response.
In theory, this strategy can be used as a generic approach to
interpret and retrieve missing heritability [42]. While there has
been a rich literature on gene regulatory networks inferred from
omics data [49, 50], our FunGG is a brave attempt to reconstruct
genetic interactome networks for complex traits from genotype
data. The future integration of gene regulatory networks into
genetic interactome networks can systematically characterize
all genes and their epistasis. Such integration would potentially
prove a paradigm shift for stress genetic research from a long-
predominant reductionist thinking to a more mechanistically
driven holistic, systems-oriented philosophy.
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