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Non-genotoxic carcinogens (NGTxCs) induce cancer without directly altering the genetic material, making
their mechanisms of action particularly challenging to predict. Cadmium, a well-known NGTxC classified
as carcinogenic to humans, has been associated with several cancers, including lung cancer through chronic
exposure. In this work, we investigate the carcinogenic effects of cadmium through metabolic reprogram-
ming. We adapt a previously formally validated model of the metabolism regulation (Gibart et al., 2021c) in
order to study cadmium exposure. It integrates major cadmium-induced perturbations such as oxidative stress,
mitochondrial dysfunction, and glycolytic shift. Using the formal verification tool TotemBioNet, we systemat-
ically explore and filter all dynamics consistent with the global behaviors of healthy, cancerous, and apoptotic
cells. They are investigated and classified into three subgroups. Our approach successfully reproduces charac-
teristic features of carcinogenic metabolism, including fermentation activation and elevated ROS production,
and demonstrates the relevance of discrete qualitative modeling for a systemic analysis of NGTxC-induced

metabolic dysregulations.

1 INTRODUCTION

Among human carcinogens, the most well-known are
mutagenic agents, whose effects can be directly ob-
served at the genetic code level. However, some car-
cinogens are classified as non-genotoxic (NGTxC)
and are capable of inducing cancer without directly
causing genetic mutations. Unlike most drugs, cad-
mium has no specific molecular or receptor target; its
mechanism of action is inherently systemic, impact-
ing multiple cellular pathways and processes. More-
over, the diverse modes of action of non-genotoxic
carcinogens, together with their tissue and species-
specific effects, make predicting their carcinogenic
potential highly challenging (Hernandez et al., 2009).
Understanding the causal chains between exposure to
a non-genotoxic carcinogen and cancer onset is thus
an important challenge.

Cadmium is a NGTxC (Waalkes, 2000), classi-
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fied as carcinogenic to humans in 1993, chronic expo-
sure through smoking is associated with lung cancer
in humans. Additionally, this heavy metal can have
significant health consequences if ingested, leading
to prostate, pancreas or even breast cancer (Satarug
et al., 2010).

It has been observed that cancer cells exhibit dis-
tinct metabolic adaptations compared to healthy cells
(Qu and Zheng, 2024; Nagao et al., 2019; Gao
et al., 2014). In this study, we propose a model
to investigate how cadmium systemically induces
cancer-associated metabolic reprogramming. These
metabolic shifts are multiple (Qu and Zheng, 2024;
Chen et al., 2015). To unravel how cadmium ex-
posure reshapes cellular metabolism, we developed
a computational model capturing the key regulatory
mechanisms of metabolic control. As cadmium ex-
posure is closely associated with tobacco smoking
and lung carcinogenesis, this study specifically in-
vestigates its effects on lung cells. We develop a
computational model that captures cadmium-induced
metabolic reprogramming, providing mechanistic in-
sights and identifying potential markers of its carcino-
genic action.
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Numerous approaches have been developed for
modeling regulatory processes. Stochastic ap-
proaches highlight the random aspect of regulation
(Chu et al., 2017). Differential systems assume a con-
tinuous shape of regulations (Wu et al., 2014). Dis-
crete systems highlight the qualitative aspect of regu-
lation (Mateus et al., 2007). Hybrid models that com-
bine some of these frameworks try to offer the best of
the different modeling frameworks (Behaegel et al.,
2016). Because the observed metabolic shift corre-
sponds to a qualitative change, we prefer a discrete
modeling framework. The discrete framework of
René Thomas is particularly well-suited from a qual-
itative perspective (Thomas, 1991). Here, we use an
extension of Thomas’ modeling framework through
multiplexes, logical entities that allow the modeling
of combinatorial regulation (Khalis et al., 2009).

Here we extend the metabolic regulation model
initially proposed in (Khoodeeram, 2021), and sub-
sequently consolidated in (Gibart et al., 2021c). This
model focuses on the regulatory signals of the main
catabolic and anabolic pathways of eukaryotic cells,
together with cofactors and the most important nutri-
ents.

To represent cadmium-induced perturbations of
metabolism, we incorporated the major regulatory
pathways affected, such as oxidative stress (Wang
et al., 2022), variations in glycolysis via HIF-1a ac-
tivity (Hart et al., 2001), and disruption of the mito-
chondrial respiratory chain (Jing et al., 2012). The
regulatory rules that govern their functioning have to
be precisely detailed in the model. Contemporary
biochemical and biological literature gives generally
sufficient information in order to infer the rules (co-
operation/concurrences) and parameters (regulation
strength) of the model.

The model is first constructed based on ’local’ bi-
ological knowledge of regulatory interactions among
metabolic components. Its global dynamics are then
explored using formal verification methods, enabling
a systematic, computer-assisted analysis of all possi-
ble state transitions (Bernot et al., 2004; Bernot et al.,
2019).

TotemBioNet (Boyenval et al., 2020; Gibart et al.,
2021b) which includes GreenBioNet (Gibart et al.,
2021a), provides all the necessary tools to uncover the
underlying kinetic parameters of a model, and ver-
ify its consistency with biological observations (ex-
pressed in formal languages). Model checking of
temporal properties applied to experimental measure-
ments is intensively used. In our context, we design a
model that aligns with the global temporal properties
observed in healthy, apoptotic and cancerous cells.

This paper is organized as follow. In Section 2, we
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briefly outline the theoretical foundations, the associ-
ated methodology, and the tools enabling efficient al-
gorithmic enumeration and verification. Relevant in-
formation about cadmium and its effects on metabolic
regulation, as well as their graphical representation,
are detailed in Section 3. Section 4 describes how
we adapted the model of metabolism regulation for
our case study. This adaptation led to a simplified,
more effective model. The validation of our model
is presented in Section 5, revealing all parameterized
models compatible with the properties identified for
either of 3 different cell fate classes: healthy, cancer-
ous, apoptotic. Lastly, Section 6 concludes and pro-
vides some perspectives.

2 METHODOLOGIES & TOOLS

2.1 Interaction Graph

In first place, a model of biological regulatory net-
work rely on a directed interaction graph between
variables whose nodes represent the main elements of
the regulation network and arcs the regulations. As
shown in Figure 1, metabolites, metabolic pathways,
and biomass are generally represented by variables.
In discrete modeling, quantitative measures such as
activity levels, rates, or concentrations are abstracted
by qualitative levels (positive integers). The levels of
a particular variable are defined by carefully chosen
thresholds, associated with the regulations of the con-
sidered variable on its targets. Each qualitative level
is associated with a distinct set of regulated targets.
For instance, level 1 of variable LBP corresponds to a
scenario in which LBp regulates a7 and Box. Assign-
ing a level to each variable defines a possible state of
the system.

Figure 1 also shows the regulations as rectangles
called multiplexes. They formalize the rules of coop-
eration/competition between several regulators. For
instance, the AnO multiplex regulates the Krebs cy-
cle when glycolysis is greater than or equal to 1 and
02 is present. For context, AnO represents the action
of acetyl-CoA as main precursor of the Krebs cycle.
More generally, each multiplex contains a formula
that specifies the conditions under which regulation
occurs. Small rectangles containing symbols ! rep-
resents inhibition at level 1, and with +1 (resp. -1)
represents activation (resp. inhibition) at level 1.

2.2 Dynamic Parameters

In R. Thomas’ modeling framework, the evolution of
variables is guided by a target level determined solely
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! [ (KREBS >=2) & (ATP >=1) ]

((GLYC >=1) & 1(02 >

( =1))
| (GLYC >=2)] & (NADH >

=1)

(NADH >=1) & (02 >=1)
& I(ATP >=2)
1]

Figure 1: Initial interaction graph of cellular metabolism from (Gibart et al., 2021c). Circles denote variables and rectangles
represent multiplexes; blue, yellow, and red nodes correspond respectively to biomass, metabolites, and pathways. Solid

arcs indicate targets, dashed arcs sources (deducible from formulas). Logical symbols: ! = negation, & = conjunction, | =
disjunction.
by the active regulations they receive. A dynamic pa- all subsets ® of {xj,...,x,}). As aresult, 2" parame-

rameter refers to the value a variable tends toward
based on a specific set of active regulations (multi-
plexes), where a multiplex is considered active if and
only if its logical formula evaluates to true in the cur-
rent state. Each set ® of active multiplexes corre-
sponds to a dynamic parameter denoted K, . This pa-
rameter represents a local behavior, i.e., the value that
would hold if ® remained stable indefinitely. How-
ever, since the set of active regulations changes over
time, the corresponding attraction values also evolve.
Nevertheless, these attraction values give the direc-
tion towards which the system is attracted (Snoussi,
1989). When two variables tends to evolve, we do not
know which one will cross its threshold first, leading
to several possible local evolutions. R. Thomas’ mod-
eling framework proposes to represent the global be-
havior of the system as a so-called states graph where
nodes correspond to states, and arcs represent the pos-
sible local evolution of the system (in the direction of
the attraction values). Since any potential regulation
or multiplex may be either active or inactive, the num-
ber of required parameters grows rapidly: if a variable
has n predecessors xj to x,, in the graph, then it has 2"
possible combinations of its active regulations (i.e.,

ters are required to describe its dynamics. This expo-
nential growth highlights the necessity of simplifying
the model as much as possible.

2.3 Toward Automated Validation

A biological observation generally leads to dynamic
knowledge which can be taken into consideration for
restricting the values of kinetic parameters. For ex-
ample, the statement that a high dose of cadmium
leads to the activation of fermentation is crucial in-
formation for the modeling process. Such properties
can be formally expressed in Computation Tree Logic
(CTL) (Clarke and Emerson, 1982), a temporal logic
designed to describe the possible trajectories of the
studied system. Its tree-like representation of time
naturally accommodates the indeterminism of possi-
ble behaviors: a given state of the regulatory network
may lead to different traces with distinct sequences of
observations.

* Time operators of CTL are: X "neXt”, G "Glob-
ally”, F ”in the Future”, U ”Until”.

* They are accompanying path quantifiers: A “for
all path”, and E ’there exists a path”.
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The previously mentioned behavior can be formalized
as: [(cd > 1) = AF (FErm = 1)] . This formula means
that, starting from a state where cd is at a level strictly
greater to 1, for All possible trajectories in the Future,
the system will reach a state where the fermentation
is active.

CTL formulas express a broad set of dynamic sys-
tem properties, including temporal reachability (td),
which specifies whether a variable’s value converges
toward or fails to converge to (/td) a given target.
It also captures oscillatory behaviors (osc) when the
variable keep passing one or more thresholds. This
makes CTL a powerful tool to rigorously specify, ver-
ify, and interpret complex behaviors in regulatory net-
work models. Many known asymptotic behaviors can
be captured using CTL formulas, and a parameter-
ized model need only be considered if its behavior
aligns with this knowledge. The process verifying
whether a model satisfies a particular temporal for-
mula is known as model checking.

2.4 Model Checking

The complexity of intertwined regulations and the
large number of possible system states make any man-
ual verification of temporal properties infeasible, thus
requiring automated procedures. The main software
used in this work is TotemBioNet (Boyenval et al.,
2020). It enables the systematic exploration of all ad-
missible parameterizations of a Thomas’ regulatory
model. Its inputs consist of a formal description of
the interaction graph between variables, the admissi-
ble ranges for kinetic parameters, and a set of biologi-
cally known global behaviors expressed in the form of
temporal logic formulae (CTL). For each possible pa-
rameterization, the software automatically constructs
the corresponding state graph and applies CTL model
checking. As a result, TotemBioNet produces the ex-
haustive list of parameterized models that are consis-
tent with the known biological phenotypes.

This approach provides a rigorous and repro-
ducible way to link interaction graph to observed cel-
lular behaviors expressed in the form of CTL formu-
lae, thereby facilitating both model validation and bi-
ological interpretation.

3 EFFECTS OF CADMIUM

3.1 Cadmium, a NGTxC Mimicking
Cell Hypoxia

Cadmium raises significant biological concerns due to
its multifaceted toxicity. First, it is classified as a hu-
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man carcinogen (non-genotoxic, often referred to as a
class 1 carcinogen). Second, its effects differ substan-
tially depending on the duration of exposure: while
acute exposure to a given dose may produce limited
effects, chronic exposure (defined as repeated expo-
sure to the same dose) leads to severe pathologies, in-
cluding tissue damage and cancer development. In
addition, similarities can be observed between the
metabolic changes induced by cadmium exposure and
those associated with the Warburg effect, a metabolic
shift in which cells prioritize glycolysis and fermen-
tation over respiration, even in the presence of oxy-
gen (Larson-Casey et al., 2020; Nagao et al., 2019).
Notably, the disruptive actions of cadmium on mito-
chondrial metabolism mimics the changes happening
when a cell lacks oxygen (Jing et al., 2012), leading
to the activation of fermentation to produce enough
ATP, similarly to the Warburg effect.

3.2 Initial Model

Cadmium has been identified as a highly potent reg-
ulator of metabolism, exerting its effects on multi-
ple critical components of the system. The identi-
fication, comprehension, and accurate integration of
these actions into the model in the most abstract form
possible constitutes a pivotal element of the model-
ing process. The similarity with the Warburg effect
led us to design a model illustrating the impact of
cadmium on metabolism. It is based on the model
developed in (Gibart et al., 2021c) that was initially
validated for representing the Warburg effect. This
model offers a general framework for central carbon
metabolism regulation and can be applied to study
systemic metabolic responses under various biologi-
cal perturbations. The variables and multiplexes cor-
respond to well-known, easily observable, and inter-
pretable elements of cell carbon metabolism as seen
in Figure 1. External supplies for cellular metabolism
include ex02 (external oxygen), Fa (fatty acids), GLC
(glucose), and a4 (amino acids). LBP and nLBP repre-
sent lipidic and non-lipidic biomass production. Arp
and ~apH denote the ratios ATP/(ADP+AMP) and
NADH/NAD™. ncp refers to nitrogen and carbon
donors. o0xPHOS, 02, KREBS, and GLYC correspond to
oxidative phosphorylation, oxygen, the Krebs cycle,
and glycolysis. Multiplexes include: EP (excess pyru-
vate), LS (lipid synthesis), OC (OXPHOS control),
GR (glycolysis regulation via citrate from the Krebs
cycle), BOX (B-oxidation), AnO (Acetyl-CoA forma-
tion in presence of oxygen), COF (glycolytic cofac-
tors), PPP (nucleotide synthesis through the Pen-
tose Phosphate Pathway), AAS (amino acid synthe-
sis), and 0KG (accumulation of o-ketoglutarate from
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glutaminolysis or glycolytic saturation).

The Warburg effect being well documented, it has
been possible to determine the majority of the param-
eters of the initial model. Out of more than a hun-
dred parameters, only seven remain unconstrained.
Since most parameters have already been identified,
incorporating the effects of cadmium will be easier.
The initial model’s limited behavioral flexibility ac-
tually facilitates this process: the range of behaviors
it encompasses directly defines the constraints for the
enriched model. Ultimately, a more constrained en-
riched model offers a deeper understanding of the un-
derlying mechanisms.

3.3 Cadmium Mechanistic Effects

Our approach brings five important modifications to
the initial model. All these successive enhancements
to the model result in the interaction graph shown in
Figure 2.

ocd €0,1,2: A cell exposed to cadmium in its
environment (external cadmium is represented by the
variable excd, see subsection 4.1) leads to the passage
and ultimately the presence of cadmium in the cell
(expressed by ca). While ca = 0 corresponds to a low,
non-effective concentration, ¢4 = 1 indicates a level
sufficient to trigger a cellular response. ¢4 = 2 repre-
sents an overload that the cell cannot efficiently han-
dle. Cadmium accumulation disrupts mitochondrial
metabolism, primarily inhibiting complexes III and V
of the respiratory chain (Wang et al., 2022; Branca
et al., 2020b). This leads to electron leakage and in-
creased production of Reactive Oxygen Species (ros,
new variable), captured in the model via effects on
NADH through the deregulation of alpha-ketoglutarate
(aKG) (Cho et al., 2018). The inhibition of NADH
regeneration permits elevated ros levels through the
noRos multiplex. Cadmium also directly impairs ox-
idative phosphorylation (Genchi et al., 2020), repre-
sented by a direct arc from cd to the oxpHOS variable.
In the interaction graph, the impacted elements can be
found in the gray frame.

o G6sH € 0, 1: The implications of cadmium chela-
tors in regulating ROS levels and the availability of
free cadmium, requires their consideration in mod-
els. They are abstracted in the form of the variable
GsH that stands for the principal chelator of cadmium:
level O stands for a basal or depleted quantity of GSH,
while level 1 represents an elevated level of GSH. Un-
der low/moderate cadmium exposure (ca = 1), cells
activate an adaptive mechanism that increases glu-
tathione production (leading to an increase of GsH).
This is reflected by the arc labelled +1 from cd to GsH.
Consequently, the chelation of cadmium is enhanced,

helping to limit ROS accumulation. Conversely, at el-
evated cadmium concentrations, a decline is evident,
attributable to the saturation induced by cadmium and
ROS (Branca et al., 2020a). Both arcs labelled -2
coming from theses variables transcribes it. If glu-
tathione becomes insufficient, free cadmium can ac-
cumulate, leading to mitochondrial dysfunction, en-
hanced ROS generation and other forms of cellular
damage. In the interaction graph, the impacted ele-
ments can be found in the blue frame.

oaBc €0,1: Cadmium efflux is primarily me-
diated by ATP-binding cassette (ABC) transporters,
represented by variable aBc. Level O corresponds
to inactive or saturated transporters, while level 1
indicates efficient cadmium excretion. This excretory
activity is modeled by an inhibitory arc labelled -1
from 4Bc to ca. ABC-mediated transport requires
ATP (Thévenod and Wing-Kee, 2024). This is
captured in the interaction graph as a negative loop
between aBc and arp. Since only chelated cadmium
can be exported, the model includes a multiplex to
represent the condition that both ¢4 and Gs# must be
present to activate apc. Formally, this is expressed as:
O Gluthathion-Cd/chelation (ca > 1) A (GsH > 1).
In the interaction graph, the impacted elements can
be found in the green frame.

oros €0,1,2: As mentioned, another effect of
cadmium in the cell is the rise in ROS. Level 0 of the
Ros variable indicates a healthy level of ROS in the
cell. Level 1 corresponds to a high level of ROS that
can be managed by the cell, and level 2, corresponds
to a concentration that, if sustained long enough,
triggers apoptosis through a self-defense mechanism.
While mitochondrial respiratory chain disruption con-
tributes to ROS accumulation, it does not fully explain
the observed increase. Additional factors play major
roles. The inhibition of enzymes such as Superox-
ide dismutase (SOD), catalase, and glutathione per-
oxidase, which are essential for managing ROS has
been shown to cause such an increase (Hernandez-
Cruz et al., 2022). In the interaction graph, the
abolition of the system responsible for the manage-
ment of ROS is represented by the noROS multiplex
O noROS —((44 > 2) A (NADH > 1) A ((aTP > 1)
V(Ros > 1))) A —(GsH>1). The depletion of avail-
able enzymes responsible for managing ROS is ex-
acerbated by the competition between ROS and cad-
mium for certain enzymes, such as glutathione, which
functions as a chelator for cadmium (Gaubin et al.,
2000). There is then a reduction of the detoxifi-
cation of the ROS as well as an increase in pro-
duction due to electron leakage. The production
of ROS through oxidative phosphorylation in addi-
tion to cadmium could lead to a threshold cross-
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Figure 2: Interaction graph of cellular metabolism taking into account the main cadmium effects. .

ing. This action is represented in the ACT (ac-
tivators) multiplex, who gathers activators of ros
O ACT ((vapH > 1)V (0xPHOS > 1)) A (ca>1). The
formula translates that ACT remains active whenever
cd is present and at least one of NADH or 0XPHOS is ac-
tive. In the interaction graph, the variable ros and the
impacted elements can be found in the purple frame.

o HiF-1a € 0, 1: Lastly, the disruption of the respi-
ratory chain can induce a pseudo-hypoxia state within
the cell (Jing et al., 2012; Kim et al., 2006). De-
spite the presence of enough oxygen, an increase in
Hypoxia-Inducible Factor-1o. (HIF-1a) levels occurs,
leading to a substantial migration of glucose trans-
porters to the membrane (Jing et al., 2012). This
increased level is represented by the level 1 of the
variable HiF-1a, while the level O stands for a basal
level. Under cadmium exposure, HIF-1a receives con-
flicting signals: cadmium promotes its stabilization
(+2 arc from cd) by inhibiting prolyl hydroxylases
(PHD) which uses O2 as a cofactor, through mito-
chondrial disruption and oxidative stress. In this case,
an increase in certain intermediate metabolites (e.g.,
succinate, fumarate) can inhibit PHD, preventing the
degradation of HIF-1a, even when oxygen is present.
Meanwhile, the presence of oxygen typically triggers
its degradation (-1 arc from 0z2). These opposing in-
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fluences create a regulatory “dilemma” that ultimately
determines the level of HIF-1a in the cell. Glucose
uptake by cells can thus be augmented without an
escalation in the extracellular glucose concentration.
The +1 arc from HIF-1a to GLYC represents this effect.
This in turn enables the acceleration of glycolysis,
which, in certain instances, results in the induction
of fermentation within the cell. This phenomenon is
analogous to the Warburg effect (Kim et al., 2006).
Another consequence of HIF-1o stabilization is its
inhibition of pyruvate conversion to acetyl-CoA via
upregulation of PDK1', which phosphorylates and
inactivates pyruvate dehydrogenase (PDH), the en-
zyme responsible for pyruvate’s oxidative decarboxy-
lation (Kim et al., 2006; Semenza, 2012). As a result,
HIF-1a is included in the multiplex acetyl-CoA and
oxygen (AnO). The inactivation of PDH implies a lack
of efficiency of the regulatory mechanisms on HiF-1a
such as those mediated by aKG or Saturation and Glu-
taminolyse multiplexe. The impacted elements are in
the orange frame.

INCBI Gene ID 5163: PDKI pyruvate dehydrogenase
kinase 1 [Homo sapiens], https://www.ncbi.nlm.nih.gov/
gene/5163, Accessed: 2025-10-07.
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4 MODEL ADAPTATION

4.1 Cell Environment Specification

The environmental variables representing what is
available in the environment of the cell are: exo02 (ex-
ternal oxygen), Fa (fatty acids), GLc (external glu-
cose), 44 (amino acids), which represent essential
supplies, and finally exca (external Cadmium). To pre-
vent confounding effects from restrictive conditions
such as hypoxia or nutrient deprivation, the four envi-
ronmental variables (excluding exca) are held at their
level 1 (Gibart et al., 2021c), to ensure normal cellu-
lar function. Under these conditions, only three dis-
tinct environments remain, defined solely by the level
of cadmium exposure. The first environment, where
excd = 0, stands for a lack or an insignificant amount of
cadmium exposure. When excd = 1, the level of cad-
mium exposure is enough to induce a response and
adaptations in the cell metabolism, without killing the
cell. Atexcd =2, the level of cadmium exposure is un-
manageable for the cell, and can cause cell death.

4.2 Consequences on Variables

After defining the cellular environments under con-
sideration, some internal variables can be simplified
without loss of essential information, based on differ-
ent principles. First, if the value of a variable is solely
determined by a predecessor that has been fixed, the
variable itself can also be fixed, by assuming it has al-
ready reached its target value at the time of study (as
the environment is constant, these internal variables
will eventually reach this value). This is the case,
for instance, with the variable 02. In earlier work on
the metabolic graph (Khoodeeram, 2021), physiolog-
ical fluctuations of internal oxygen were represented
through a three-valued variable. Under physiologi-
cal conditions, 02 levels would oscillate between val-
ues 1 and 2, without ever reaching hypoxia (value 0).
Although such fluctuations do occur, their timescale
(~40 minutes) is irrelevant to our study, which fo-
cuses on the effects of chronic cadmium exposure.
Therefore, in the simplified graph, the o2 variable is
reduced to two levels. Here, the value O still corre-
sponds to intracellular hypoxia, whereas the value 1
now encompasses the former levels 1 and 2, both rep-
resenting oxygen levels sufficient for normal cellular
utilization. Since ex02 is fixed, the parameters indicate
that 02 will always converge toward 1. Concerning
HIF-1a, as said in subsection 3.3, cadmium stabilises
HIF-1o through the inhibition of PDH, implying that
regulation mechanisms of HIF-1a are not effective.
This is why, in the simplified version, there is no need

for them to appear as predecessors of HIF-Ia.

In addition, the formulas for some multiplexes can
be simplified. Fixed external variables, and local vari-
ables under exclusive control by a fixed variable do
not appear anymore, and certain conditions become
always true or always false. First, the simplifications
of 02 and ~cp induces changes in the following multi-
plexes:

e AnO (Acetyl-coA and O2) controlling KREBS be-
comes AcoA : [(GLYC > 1) & —~(HIF-1a > 1)]

e PPP (nucleotide synthesis) controlling aLBP:
[(6LYCc > 1) & (aTP > 1)]

e OC (Oxphos Control) controlling oxpHOS: [(NADH >
1) &—(aTP > 2)]

e OKG (or Saturation and Glutaminolyse) on KREBS:
[((6LYC > 1) & —(cd > 2)) V (6LYC > 2)]

e EP (Excess Pyruvate) controlling FERM: [(GLYC >
2) & (NADH > 1)]

e LS (lipid synthesis) on LBP: [(ATP > 1)]

Here, since the variable ra4 is fixed at 1, the first
condition is always validated, allowing to simplify
the formula. Only one condition is then left on arp,
the multiplex can be substituted by an arc labelled
+1 from arp to LBP. Furthermore, the multiplex AAS
(Amino Acid Synthesis) controlling »LBP: [(NCD >
2)& (AP > 1)& (NaDH > 1)] is never verified since
Nep is fixed at 1. The formula cannot be validated,
so the multiplex can be suppressed. This implies
that the inhibition on NaDH is not reached. Conse-
quently, the parameters Kyapn, rErMcryci oxpros and
KnapH, FERMGLYC1 RREBS Which were free in the initial
model, disappear.

4.3 Abstraction of Cd’s Chelators

The variable GsH represents the levels of free glu-
tathione in the cell. Free glutathione is required
both for cadmium chelation and for the regulation of
ROS (Nzengue et al., 2008). From a modeling point
of view, the role and actions of the variable Gs# can
be covered by other elements of the graph. As said
in subsection 3.3, there are two levels of GsH, and this
is sufficient since its effects are observed when GsH is
at level 1. Indeed, when Gsa = 0, effective cadmium
chelation does not occur, either by absence of internal
cadmium (ca = 0), or because GsH is saturated (cd = 2
implies saturation of Gsu). Similarly, one of the con-
ditions for no excessive ros accumulation through
the noRos multiplex is that the s level remains
high. However, at higher cadmium doses, where ROS
production becomes substantial, GSH availability be-
comes limited (Gaubin et al., 2000). This depletion
of free GSH leads to oxidative stress and cellular dam-
age.
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In Figure 2, the role of GsH in ros regulation is
encoded within the formula of the multiplex noROS,
whose activation requires that GsH remains strictly
below 1. Indeed, achieving level 1 of GsH necessi-
tates cadmium as an activator of GsH (i.e. ca = 1).
Consequently, as illustrated in Figure 3, by bypass-
ing GsH and replacing its constraint within the noROS
multiplex with the requirement that ¢4 > 2, we still
represent the effect of elevated free cadmium, and
the regulatory dynamics on ros are preserved (note
that when cs = 0, ros is not considered activated).
We can then deduce that Kgspy,cdicdazros = 1 and
KgsH,caicaz € 0,1: these parameters of GsH are the
only ones for which the activation (denoted Cd1) and
the absence of inhibition (denoted Cd2) are resources,
and consequently they are the only ones allowed to
take the value 1.

Furthermore, GsH is required for the activation of
the multiplex Glutathione—Cd/chelation. Indeed, cad-
mium must first be chelated for ABC transporters to
excrete it. The representation of this mechanism can
be simplified by modeling a direct action of ¢4 on ABc.
In practice, an inhibition at level 2 for ca is sufficient,
since it parametrically encodes the constraint that the
Glutathione—Cd/chelation multiplex cannot be acti-
vated when GsH is below level 1, i.e., insufficient to
counterbalance the effects of ros and cd. In this case,
cd is not a resource to the variable Gsu that would tend
to the value 0. At the same time, the absence of inhi-
bition when ¢4 < 2 plays the role of an active prede-
cessor (just as ca = 1 does for aBc via GsH).

After performing all simplifications, the resulting
interaction graph can be seen in Figure 3.

4.4 Parameter Values

We are left with 109 parameters after simplifications
2. Here, we discuss the values of all parameters;
among them, all but 13 can be fixed.

The fate of the variable cd is mostly dictated by
the entry of cadmium from the environment. This is
enough to fix to 0 the parameters whose resources do
not contain external cadmium (K¢g = 0 and K¢y apc =
0). When the cell is exposed to cadmium, we need
to take into account the excretory activity. While
ABC transporters can function properly (i.e. when
ABC = 1), the accumulation of cadmium cannot reach
its peak, so Kcjexcal excaz is fixed to 1, while
Kcd,excdl excaz asc is fixed to 2, as ABC trans-
porters saturation is reached. For K¢g exca1 asc, the
external exposition is not high enough to provoke a
sufficient entry to get to the highest threshold of ca,
50 Kcd,exca1 asc is fixed to 1.

2Values of the parameters are available on request.
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Some of the parameters of oxpHOS have their val-
ues changed because ca is able to inhibit oxpHOS.
When cq is a resource of oxpHos (ci=0), we keep the
parameter values established before the introduction
of cd: Koxpros,ca = 0 and Koxpros,oc ca = 1. When
cd is not a resource of oxrHOS (cd > 0), Koxpros,oc =
0 since cd inhibits oxpHOS.

To take into account the necessary chelation on
cadmium by the gluthatione, and the need of ATP for
ABC transporters to function, the only parameter of
ABc that makes possible the crossing of threshold 1 is
the one where all predecessors are resources. Thus,
all parameters are equal to O except K4pc,rosare ca
which equals 1.

Regarding the variable ros, we can only fix the
parameters accounting for the situations where none
of its predecessors are resources, implying no eleva-
tion in ROS levels (Kggs = 0) and where all its prede-
cessors are resources, corresponding to maximal ROS
production (Kgos,acT noros = 2).

For the variable HiF-1a, the sole presence of
cadmium results in an elevation of HIF-1a, thus
Kair,ca =1 and Kggr = 0.

Furthermore, as HIF-1a is able to lead to a rise
in glucose uptake from the external environment,
the influence of HIF-1« on GLyc leads to a behavior
of GLyc similar to the one with high level of nu-
trients (glucose) used by the cell. Indeed the pa-
rameters on GLYC with a set of resources contain-
ing HIF-1a get the same fixed values as those which
have GLC2 as a resource in (Gibart et al., 2021c¢):
Keryc,utr = 0, Kryc,cruzr = 0, Kgryc,cornrr = 1,
KgLyc,cor cruzr = 2.

Among the 7 free parameters of the initial model
(see Table 1 of (Gibart et al., 2021c)), 2 have been
fixed (both parameters concerning NADH, see end of
section 4.2), and 5 remain free parameters of the cur-
rent model (those controlling arp). Moreover, some
new parameters arise:
® KA7p,1BP OXPHOS ABC: 1.2 ® KRoS,noros: 0.2
¢ Kros,act: 0.2
® Kcd,excar: 0..1

® Ka7p 1BPGLYC1 ABRC: 0.2
® KArp,1BP GLYC1 GLYC22BC: 1.2
® KaTP,1BP OxPHOS GLYC1 ABC: 1..2

® KATP,1BP OXPHOS GLYC1 GLYC2 ABC: 1.2
Among these 8 new parameters, the 5 control-

ling arp sprout from the addition of the resource aBc
over the pre-existing free parameters of arp. ATP
consumption by ABC transporters occurs in parallel
with multiple other energy-demanding processes al-
ready captured in the reference model. In the absence
of information supporting a dominant or threshold-
crossing effect of ABC activity on ATP levels, the
corresponding parameters were assigned values iden-
tical to those of their counterparts in the initial model



Modeling Cadmium Induced Metabolic Shifts in Human Pulmonary Cells

B

| (NADH>=1& |

(ATP>=1 | ROS>=1)) & Cd>=2

((NADH >=1) | (PHOX >=1)) |77~ \
& Cd==1 \

L(ATP >=2) &
I(NADH >=1)

1 [ (KREBS >=2) & (ATP >=1) |

((GLYC >=1) & (!(Cdint >=2))
| (GLYC >=2))

Figure 3: Simplified interaction graph of cellular metabolism taking into account the main cadmium effects.

(the initial model was designed for a context where
ABC was supposed to a be resource). This conser-
vative choice avoids introducing artificial ATP de-
pletion while remaining consistent with the validated
metabolic framework. The 5 parameters without aBc
in resources remain free.
The remaining free ros parameters correspond to
intermediate regulatory configurations, in which ei-
ther production or detoxification mechanisms domi-
nate. The biological literature does not provide suffi-
cient evidence to discriminate between moderate and
strong ROS accumulation in these situations. Conse-
quently, these parameters were deliberately left un-
constrained in order to preserve the ability of the
model to reproduce both adaptive and deleterious out-
comes.
Finally, the free parameter on cd can take two values
to account for the variability of the influx of cadmium
in the cell for a given exposition.

The remaining parameters unchanged in the new
model retain their values from the initial model
(Gibart et al., 2021c¢).

S MODEL VALIDATION

5.1 Global Biological Knowledge

Model validation is a key step to assess the biolog-
ical relevance of the regulatory network. It verifies
whether the model can reproduce known cellular phe-
notypes under normal and cadmium-exposed condi-
tions, ensuring that the modeling framework captures
the essential metabolic mechanisms of cadmium tox-
icity. From the perspective of studying the overall be-
havior of the system, one should describe the avail-
able knowledge on its global phenotypes in terms of
its variables. For that matter we use Computation
Tree Logic (CTL). Extensions such as Fair Path CTL,
restrict verification to paths where no possible transi-
tion is ignored indefinitely.

The significant amount of knowledge available
about the studied system is translated into CTL for-
mulas that are then arranged in a validation matrix to
facilitate their inventory. The rows of the matrix rep-
resent the different possible environments controlling
the system (the rows of Table 1 list the possible lev-
els of Cadmium present in the environment) whereas
the columns list the relevant elements of the interac-
tion graph. Each cell contains a CTL formula that
indicates how the element associated with the column
behaves over time in the environment represented by
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Table 1: Validation matrix. Each row accounts for an environment, each column for a variable and each box for a formula. The
boxes representing the formula associated with osc(1) (resp. osc(2)) means that the variable can oscillate anywhere between 0
and 1 (resp. 2). td(0) (resp. td(1), td(2)) means that the variable tends to O (resp. 1, 2). !td(0) (resp. 'td(1), 'td(2)) means that
the variable does not tend towards O (resp. 1, 2). Theses formulas are interpreted following the semantic of Fair path CTL.

Context | Phenotype

exCd ATP GLYC nLBP LBP KREBS
0 osc(2) osc(2) 'td(0) !'td(0) osc(2)
1 osc(2) osc(2) 'td(0) !td(0)
2 osc(2) osc(2) 1td(0)

FERM OXPHOS NADH HIF-1a ROS

td0) osc(l) osc(l) td(0)  'td(2)
td(0) td0)  1d(2)
1td0) td(1)  Wd(l)  1d(0)  'td(0)

the row. A cell may be left blank if no information is
available. The environment where exca=0 regroups the
normal homeostatic behaviors of cellular metabolism.
The two other environments account for different cad-
mium exposure settings.

5.2 Computer Aided Validation

Model checkers are essential tools for automatically
ensuring consistency between the dynamics of the
model and the expected biological behaviors. In this
context, we used TotemBioNet (Boyenval et al.,
2020) and its matrix validation module GreenBioNet
(Gibart et al., 2021c). Special attention was paid to
the free parameters left undefined during the initial
modeling phase (see subsection 4.4). Their system-
atic exploration allowed us to identify which regula-
tory interactions are indispensable for the model to
reproduce the observed biological phenotype, high-
lighting the mechanistic foundations of cadmium-
induced metabolic reprogramming.

As 9 boolean and 4 trivaluated parameters are free,
41472 possible parameterizations remain (27 x 3%).
Those 41472 models ought to be tested for their con-
sistency with the validation matrix. Using fair-path
CTL, 1800 parameterized models are compliant with
the desired behaviors, including fermentation activa-
tion (see subsection 3.1). A clustering of these 1800
models was performed to separate models expressing
different cellular fates. A key marker for these differ-
entiated phenotypes is the level of ros over time. The
behavior of the ros variable was therefore thoroughly
investigated:

o Two hundreds parameterized models were found to
tend to ros = 2. As the level of ros stays too elevated
for survival, this is interpreted as cell death.

o On the contrary, eight hundreds parameterized mod-
els can be interpreted as cell survival through adapta-
tion. Among them, six hundreds exhibit an oscillation
on their level of ros between the levels 0 and 1, never
reaching the level 2, and another two hundreds tend
to stay at level 1.

o Interestingly, four hundreds shows perpetual oscil-
lations of the ros level between 1 and 2, allowing for
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the mechanisms leading to a cancerous state to op-
erate without the cell dying. This is interpreted as a
potential oncogenic fate.

e Finally, four hundreds parameterized models oscil-
lates between all possible levels of ros, making it am-
biguous as we have no indication of how much time is
spent at each level, due to the nature of the modeling
framework.

These results answer the question of cadmium-
induced carcinogenesis in lung cells through
metabolic regulation, with 400 models supporting
this hypothesis.

6 CONCLUSION

In this work, we propose an abstract regulatory model
based on current biological knowledge and a well-
established reference model of metabolic regulation.
Powerful formal methods and modeling tools such as
model checking were used to determine the ties be-
tween different cell states and cell fates, enabled by
the flexibility provided by the free parameters. The
obtained models reproduce key dynamical behaviors
of the system, including the activation of fermentation
as well as non-genotoxic carcinogenesis induced by
cadmium, which is the central result of our analysis.
This work shows that abstract regulatory modeling
enables reasoning at the system level, beyond individ-
ual regulatory interactions. By identifying classes of
models corresponding to coherent metabolic behav-
iors, this approach provides an intermediate layer of
interpretation that adds value before quantitative com-
parison with experimental data.

Several perspectives for improvement remain
open. First, the reduction of indeterminate compo-
nents in the validation matrix and the fixing of ad-
ditional parameters would increase the accuracy of
the model according to the available experimental
observations. Second, extending the scope of the
model to other cellular types or to additional NGTxC
molecules and mechanisms would provide a broader
validation and highlight the generality of our ap-
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proach. Third, all 1,800 models validated can be clas-
sified into three categories, depending on the cellular
outcome shown. This modeling approach can facili-
tate designing experiments to determine the class to
which the in vivo model belongs. This would require
a back-and-forth between experimentation and mod-
eling, where experimental results would guide us in
refining the already validated models.
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