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Abstract. Type 2 Diabetes (T2D) is a heterogeneous metabolic disor-
der driven by the interplay between endocrine stress and glucose reg-
ulation. We adapt an 18-variable ordinary differential equation (ODE)
model of the hypothalamic-pituitary-adrenal (HPA) and metabolic sys-
tems to a UK Biobank pilot cohort (N = 100) representing metabolic
extremes (50 healthy, 50 T2D). Scaling mechanistic models is challenged
by inherent population metabolic diversity. To address this, we imple-
ment an individualized scaling framework anchoring glucose uptake and
hepatic production to baseline fasting glucose. Results demonstrate that
this approach reproduces clinical bimodal distributions and phenotypic
attractors without manual refitting. Validation against independently
observed HbAlc (r = 0.82, p < 0.0001, n = 95) confirms that the sim-
ulated steady states track a clinically meaningful glycemic marker not
used during model initialization. By achieving statistical parity using
only baseline glucose and mental health data, this framework enables
scaling neuroendocrine-metabolic models to the full UK Biobank for vir-
tual trials and personalized interventions.

Keywords: Mechanistic Modeling - HPA Axis - Type 2 Diabetes - UK
Biobank - Individualized Calibration.

1 Introduction

The relationship between psychosocial stress and Type 2 Diabetes (T2D) has
transitioned from a noted clinical correlation to an established driver of the
chronic hyperglycemia and insulin resistance that define the disease. Although
traditional risk factors, like diet and physical activity, are well-documented,
longitudinal evidence increasingly identifies psychosocial burden and depressive
symptoms as potent and independent contributors to cardiometabolic risk [11].
Most compellingly, data from the Whitehall IT study identified that alterations
in the diurnal cortisol rhythm, specifically raised evening cortisol and a flattened
diurnal slope, serve as independent predictors of new-onset T2D over a ten-year
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period [15]. Despite these clinical associations, the long-term physiological path-
ways through which stress burden manifests as metabolic dysfunction remain
difficult to quantify at a population scale [26].

This cumulative physiological "wear and tear," often termed allostatic load,
drives a gradual deterioration in glucose regulation known as "metabolic drift"
[8]. Quantitative evidence from the Multi-Ethnic Study of Atherosclerosis (MESA)
has further characterized this drift, showing that every 1% flatter overall cortisol
decline slope is associated with a 0.19% subsequent annual increase in fasting
glucose among individuals with diabetes [10].

Cao et al. [6] proposed a mechanistic framework to address this by cou-
pling the hypothalamic-pituitary-adrenal (HPA) axis with the glucose-insulin
metabolic loop. This system, based on the stress-diabetes interplay framework
established by Bumbuc and Sheraton [5], maps stress burden to a sustained en-
docrine drive that propagates through the regulatory chain of CRH, ACTH, and
Cortisol. Cortisol acts as the primary mediator, influencing both hepatic glu-
cose production (HGP) and peripheral insulin sensitivity (S;). Mechanistically,
glucocorticoids induce a post-receptor defect of insulin action, shifting the in-
sulin dose-response curve for both HGP suppression and peripheral utilization
[27]. Furthermore, elevated cortisol has been shown to increase total glucose
production by approximately 18%, an effect driven primarily by upregulated
gluconeogenic flux [22].

We apply this coupled HPA-metabolic model to a "twin" pilot cohort from
the UK Biobank (UKB) [29]. By focusing on the metabolic extremes (50 healthy
controls and 50 Type 2 Diabetics), the model’s ability to maintain distinct phe-
notypic attractors is evaluated. Unlike traditional mechanistic models that rely
on phenotype-specific parameter sets, we implement an individualized scaling
approach where liver production and insulin sensitivity are anchored to each
participant’s baseline glucose. We hypothesize that this coupled framework can
replicate the clinical bimodal glucose distributions observed in the UK Biobank
without requiring group-level manual refitting. We investigate whether the model
can maintain mathematical stability and reproduce population-level statistics
while capturing the divergent metabolic resilience observed under sustained psy-
chosocial stress.

!

2 Methods

The Coupled ODE Framework The computational framework consists of 18 cou-
pled ordinary differential equations (ODESs) representing the interaction between
the hypothalamic-pituitary-adrenal (HPA) axis and glucose-insulin metabolic
dynamics (see Appendix A for the modified equations; the complete system is
defined in Cao et al. [6]). This system, based on the architecture proposed by Cao
et al. [6], allows for the simulation of long-term metabolic drift in response to sus-
tained psychosocial stress. While the ODE architecture is inherited from Cao et
al., the present work makes three substantive modifications: (1) the stress drive
is derived from UK Biobank Mental Health Questionnaire fields rather than
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Fig. 1: Mechanistic architecture of the coupled HPA-metabolic system. Psychosocial
stress drive (uinp) propagates through the endocrine signaling chain to regulate the
metabolic steady state via hepatic production and peripheral sensitivity.

validated clinical depression scores; (2) population-wide constants for glucose
uptake (E) and hepatic production (Hpes) are replaced with individualized per-
patient values anchored to baseline fasting glucose; and (3) a cortisol coupling
floor (p = 0.08) and an uptake floor (¢ = 0.75 - E,.s) are introduced to ensure
numerical stability across the full glycemic range of the UK Biobank cohort. Cao
et al. operated on population-averaged parameters fitted to the MESA cohort;
the individualized scaling framework described below is this paper’s primary
methodological contribution.

The system is structured into three layers, illustrated in Figure 1. Psychoso-
cial stress burden, quantified from the UK Biobank Mental Health Questionnaire,
serves as the external drive w;y,, (Layer 1). This drive stimulates the hypothala-
mus, initiating the CRH-ACTH-Cortisol signalling chain of the HPA axis (Layer
2) [8]. Cortisol then propagates into the metabolic module (Layer 3), where it
modulates two key parameters: hepatic glucose production (HGP) and periph-
eral insulin sensitivity (.5;), governing the interplay between the liver, pancreas,
and muscle/adipose tissue. Glucose dynamics are governed by the balance be-
tween hepatic production (H) and peripheral disposal (R), where H increases
with cortisol, while R is suppressed via insulin inhibition:

¥~ H(C.G) - R(C.G,1) )

The state vector y includes 18 variables, accounting for physiological markers
such as inflammatory cytokines and BMI. This dimensionality is necessary to
model the gradual metabolic drift toward T2D within the UKB cohort [5].

Data Acquisition and Preprocessing Data were obtained from the UK Biobank
[29]. This pilot study utilizes a balanced cohort of 50 healthy and 50 T2D par-
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ticipants to test the scaling logic on metabolic extremes. As this constitutes
a mechanistic calibration rather than a predictive study, no train-test split was
applied; all 100 participants were used to verify parameter stability and distribu-
tional parity. Biometric fields including height (Field 50), weight (Field 21002),
and BMI (Field 21001) were used for model configuration, with blood glucose
(Field 30740) serving as the primary metabolic anchor for each participant.

The healthy cohort was filtered by requiring the absence of any diabetes
diagnosis across all available recruitment instances (Field 2443) and the absence
of gestational diabetes history (Field 4041) at any instance, using an IS NOT
Yes criterion to avoid excluding participants with missing follow-up data. The
diabetic cohort included individuals with a confirmed diagnosis at Instance 0,
with gestational-only cases excluded via the same criterion. Participants with
missing values in core biomarker or psychosocial fields were excluded to ensure
a complete initialization of the 18-variable state vector; medication fields (Field
20003, Arrays 0-7) were treated as sparse by design and filled with zero prior
to exclusion, as empty slots indicate no medication rather than missing data.
Participants receiving glucose-lowering medications (metformin or insulin) at
Instance 0 or Instance 1 were additionally excluded to isolate untreated disease
trajectories.

To quantify the psychosocial stress drive (5), we utilized N = 16 self-report
items from the UKB Mental Health Questionnaire (Fields 20505 to 20520). These
items assess the frequency of symptoms such as depressed mood, anxiety, and
restlessness over the preceding two weeks. Because these fields are coded on a fre-
quency scale of 1-4 in the UK Biobank, we applied the following transformation
to derive a normalized score:

S = Zzl\;l(gl 7 ﬂ) (2>

where F; represents the score of the i-th field, N = 16 is the number of items,
k = 1 is the scoring offset, and {2 = 48 is the normalization constant corre-
sponding to the maximum aggregate score across the items. The resulting value
S € [0, 1] represents each individual’s normalized stress burden. The linear sum-
mation of items was selected over validated composite scales (e.g., PHQ-9) for
three pragmatic reasons: the 16 UKB fields collectively span depressive, anx-
ious, and somatic symptom domains that no single existing instrument covers
simultaneously; the resulting composite exhibits adequate internal consistency
within the UKB cohort [5]; and the transformation preserves monotonicity with
respect to clinical severity, which is the property required to drive the ODE
stress parameter v within its physiological bounds. Principal component analysis
was evaluated as an alternative but discarded as it produces latent scores with-
out direct physiological interpretability. This was then mapped to the model’s
psychological drive parameter (u), ensuring the HPA axis operates within its
physiological range:

U = Upin + (S - Au) (3)
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where ,;, = 18.7 represents the minimum drive required to uphold endocrine
system processes and Au = 6.3 is the scaling factor required to reach the model’s
upper stress threshold. The linear shift ensures that individuals with a minimum
stress score maintain the basal drive necessary for physiological signaling, while
the maximum score reaches the upper boundary of the simulated HPA activation.

Numerical Stability and Calibration Initial UK Biobank simulations revealed nu-
merical instability in the glucose disposal rate (R) under the high endocrine drive
characteristic of chronic stress. To maintain deterministic integrity, we refined the
cortisol coupling coefficient to p = 0.08, which governs the rate at which elevated
cortisol drives the fractional suppression term vy = min(0.92, max(0, p(C — 1)))
in the disposal equation. This bounds the fractional suppression of glucose dis-
posal within the physiologically plausible range [0.0,0.92], consistent with ob-
served cortisol sensitivity in metabolic models [31]. This prevents divergence
under extreme cortisol drive without altering the coupling structure. All simu-
lations were integrated over a 7200-minute horizon (5 days) using the LSODA
adaptive solver, sufficient to capture steady-state glucose equilibration under
sustained stress drive.

Beyond stability, we addressed the model’s tendency to pull participants to-
ward a single metabolic average. While traditional models often treat glucose
effectiveness as a population-wide constant [3], recent minimal model analyses
have demonstrated that insulin-independent glucose disposal is a dynamic pa-
rameter that varies significantly with BMI and glucose tolerance status [25]. By
scaling F to the individual’s fasting baseline, we account for this observed reduc-
tion in non-insulin-mediated clearance pathways, which is critical for maintaining
stability across the UK Biobank’s glycemic spectrum.

The implementation of individualized scaling is further supported by hierar-
chical modeling of glucose effectiveness across 497 subjects, which demonstrated
that glucose effectiveness at zero insulin (GEZI) is reduced from 0.021 min~! in
healthy populations to 0.011 min~! in T2D [17]. The previous frameworks estab-
lished population-wide constants (H,.s = 2000.0 mg/dL/d, E = 24.48 d~1) [31],
but we implemented individualized scaling to capture UKB cohort heterogeneity.
Using binary search, we established a healthy reference E,.; = 56.30, anchoring
the attractor at the healthy cohort mean G,.; = 86.5 mg/dL. The higher value
relative to the Yildirim baseline reflects the distinct metabolic profile of the UKB
healthy cohort, whose reference BMI and fasting glucose are lower than those
used in the original model calibration. Each participant ¢ receives a personalized

uptake rate Fj:
Gref “
Ei = Ere - 4
(5 (@)

where a = 0.984. Biologically, this encodes the well-established finding that
peripheral glucose uptake capacity is impaired in insulin-resistant individuals [9],
representing a shift in glucose effectiveness often overlooked in simplified models
[3]. To prevent diabetic participants (Go; > 126 mg/dL) from crossing into
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the healthy attractor, E; is capped at a floor of ¢ = 0.75- E,..; (consistent with
clinical estimates of impaired glucose effectiveness in secondary S-cell failure [4]).
Finally, hepatic glucose production (H) is scaled sub-linearly to reflect chronic
upregulation of gluconeogenesis:

G()q; 0.3
Hasi: re : 5
bas e <Gref> ( )

Parameter Sensitivity Analysis The selection of metabolic parameters for local
sensitivity analysis was informed by the pleiotropic effects of cortisol on glucose-
insulin homeostasis. Clinical evidence indicates that chronic HPA activation sup-
presses (-cell function even after adjusting for baseline insulin resistance [20],
and that glucose effectiveness (E) varies significantly across phenotypic clusters
and body mass indices [19]. Consequently, we identified six primary parame-
ters representing the mechanistic intersections between endocrine signaling and
metabolic flux: target insulin sensitivity (Starget), basal hepatic glucose produc-
tion (Hpas), basal glucose uptake (F), the stress-insulin impact coefficient (k.),
the cortisol inhibition factor (), and the insulin clearance rate (k). While E
and Hyp,s were included to evaluate our individualized scaling framework, v was
selected to assess the systemic impact of the stability refinements discussed in
Numerical Stability and Calibration section above.

Each parameter was perturbed by +10% from its calibrated value while main-
taining all other variables constant. The simulation was re-run across the diabetic
cohort to quantify the resulting shift in mean steady-state glucose. The results
(Figure 3A) confirm that Si,rge¢ exhibits the greatest total sensitivity, followed
by a cluster comprising Hy,s, E, and v with comparable moderate effects. The
insulin clearance rate (k) demonstrates an asymmetric response, with sensitivity
concentrated in the upward perturbation direction. This matches clinical obser-
vations of highly variable insulin degradation rates in T2D populations, where
clearance defects often exacerbate the hyperglycemic state [31]. These results
provide mathematical confirmation that F and Hyp,s occupy the sensitive tier of
the system required to drive the bimodal phenotypic separation observed in the
UK Biobank data.

3 Results

Population Distribution and Density. We first examined the model’s ability to
generate the distinct glucose distributions observed in the clinical data (Figure
2C). The distribution is right-skewed, with the majority of mass concentrated
near the healthy range and an extended upper tail reaching into the diabetic
range, reflecting the combined healthy and diabetic cohorts within the pilot. The
quartile spread is further illustrated in the violin plot (Figure 2D); the model
also follows the overall trajectory of the clinical reference, capturing the spread
of both cohorts without requiring phenotype-specific parameter adjustments.
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Statistical Parity and Quantile Analysis. To assess the fit across the entire pop-
ulation, we analyzed the Empirical Cumulative Distribution Function (ECDF)
and a Quantile-Quantile (Q-Q) plot. The ECDF (Figure 2B) demonstrates clear
bimodal step behavior in both the clinical and simulated populations. A distinct
plateau is observed between the 100 mg/dL (IFG) and 126 mg/dL (Diabetes)
thresholds, indicating a partitioning of the cohort into two primary metabolic at-
tractors. While the clinical data exhibits a slightly more aggressive transition in
the pre-diabetic range, the model successfully reproduces the variance compres-
sion in the healthy attractor and the extended high-glucose tail characteristic of
the diabetic phenotype. The Q-Q plot in Figure 2A provides a direct comparison
of the clinical and simulated quantiles. The data points follow a nearly linear
path along the diagonal reference line. We observed a small divergence at the
bottom-left of the plot, indicating that the clinical data has a slightly different
distribution at the lower-middle glucose thresholds (130-140 mg/dL). However,
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Fig. 2: Global statistical validation against the UK Biobank pilot cohort; the blue curve
represents the model-simulated population and the grey shaded area the UK Biobank
clinical reference. (A) Quantile-Quantile plot assessing distributional alignment. (B)
ECDF comparison demonstrating cumulative parity and bimodal step behavior. (C)
Population density overlay reproducing clinical metabolic hills. (D) Violin plot showing
the simulated quartile distribution against clinical reference data.
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the overall linearity confirms that the model accurately captures the statistical
variance and population-level distribution of the UK Biobank dataset.

Clinical Classification Accuracy. The model was evaluated on its ability to cat-
egorize participants into standard diagnostic bins: Normal (< 100 mg/dL), Im-
paired Fasting Glucose (IFG, 100 — 126 mg/dL), and Diabetes (> 126 mg/dL).
Figure 3C compares the diagnostic distribution between the clinical UK Biobank
pilot cohort and the simulated results.

In the clinical dataset, the population is split evenly (50%) between the
Normal and Diabetic categories. The simulated results show a slight shift in
these proportions: 55% of participants were classified as Normal, 5% fell into the
IFG range, and 40% reached the diabetic threshold. These results indicate that
while the coupled HPA-metabolic framework captures the bimodal nature of the
population, a subset of the diabetic cohort in the simulation transitioned toward
lower glycemic categories. This suggests that the individualized scaling for insulin
sensitivity and hepatic production separates the phenotypes, though it slightly
underestimates the total diabetic count compared to the clinical reference.

The observed 5% shift from the diabetic to the IFG category in the simula-
tion is primarily attributable to the deterministic behavior of the system near the
Grit boundary. Because the model relies on a single-attractor architecture for
each individual, participants with baseline glucose levels just above the thresh-
old may settle into a steady state slightly below 126 mg/dL depending on their
specific HPA-metabolic coupling. This slight underestimation of the diabetic pro-
portion reflects a limitation of the current deterministic framework rather than a
deficiency in the individualized scaling logic, suggesting that the Impaired Fast-
ing Glucose range in the model serves as a transitional buffer between healthy
and diabetic metabolic states.

Mechanistic Emergence of Bimodality. Finally, we explored the structural be-
havior of the model through an alpha-sweep (Figure 3B). This visualization
demonstrates how the population distribution evolves as the exponent govern-
ing individualized basal glucose uptake (« in Eq. 4) is increased from 0.1 toward
the calibrated value of 0.984. At low «, all participants converge near the healthy
attractor (~88 mg/dL), confirming the single-attractor problem of uncalibrated
parameters. As « increases, the distribution progressively broadens rightward,
with the diabetic cohort separating into a higher glycemic range, producing the
right-skewed spread consistent with the UK Biobank data.

4 Discussion

The individualized calibration demonstrates that the Type 2 Diabetes transition
can be modeled as a mechanistic shift in metabolic anchor points. Our results
support the hypothesis that a coupled HPA-metabolic framework can maintain
distinct phenotypic attractors through individualized scaling, reproducing clini-
cal distributions without group-specific manual refitting. The power-law scaling
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Fig. 3: Mechanistic insights and clinical verdict. (A) Tornado sensitivity analysis iden-
tifying primary drivers of the glucose steady state. (B) Alpha-sweep showing the mech-
anistic emergence of population bimodality. (C) Clinical proportions comparing simu-
lated diagnostic categorization against the UK Biobank pilot.

for basal glucose uptake (F) and hepatic production (H) was necessary to pre-
vent the healthy cohort from drifting toward a single population attractor, ef-
fectively capturing the metabolic heterogeneity of insulin-independent pathways
[14]. This approach is underscored by the hierarchical modeling of Hu et al. [17],
who identified that the contribution of insulin-independent disposal accounts for
nearly 73% of whole-body clearance in healthy subjects, but collapses to ap-
proximately 49% in T2D. It is important to distinguish between the model’s
personalization capacity and its predictive scope. Because Gy ; serves as the pri-
mary anchor for both E; and Hp,s ;, the distributional parity demonstrated in
Section 3 confirms that the scaling logic is internally consistent but does not
inherently constitute out-of-sample prediction. To address this potential circu-
larity, we evaluated the simulated steady states against observed HbAlc (Field
30750), a marker of mean glycemic burden not used during initialization. The
Pearson correlation between simulated 5-day steady-state glucose and observed
HbAlc was r = 0.82 (p < 0.0001, n = 95). Within the diabetic cohort alone,
r = 0.69 (p < 0.0001), while the negligible within-healthy correlation (r = 0.04,
p = 0.80) is consistent with the narrow glycemic range of that cohort reduc-
ing available variance. These results indicate that the personalized steady states
track an independent clinical marker of glycemic burden and are not merely a
reflection of the initialization input.

ODE Attractors and Latent Trajectory Classes The emergence of bimodal hills
in our simulated ECDF (Figure 2B) provides a mechanistic basis for the latent
classes identified in recent longitudinal analyses of the UK Biobank. Using La-
tent Class Growth Mixture Modeling (LCGMM), Handley et al. identified six
distinct HbAlc trajectory classes, where the dominant "low and stable" class
(76.8%) represents the primary homeostatic attractor [1,16]. Our ODE frame-
work offers a physiological explanation for this partitioning; by anchoring E; to
individual baselines, the system settles into distinct phenotypic manifolds rather
than a single population average. The 5% shift from the diabetic to the IFG
category in our simulation (Figure 3C) likely represents the "transitional" tra-
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jectories identified in parabolic latent classes, suggesting that metabolic drift
is a continuous drift between stable metabolic regimes biased by mental health
stressors [13].

Natural History vs. Managed Variance Compression A notable mismatch was
observed in the standard deviation of the diabetic cohort (75.6 mg/dL in simula-
tion vs 48 mg/dL in clinical data). Our model predicts higher glycemic extremes
because it simulates an untreated natural history, whereas clinical snapshots in
the UK Biobank reflect a "managed" state. This disparity illustrates the "vari-
ance compression" typical of Electronic Health Record (EHR) data; even though
natural history models like Archimedes predict wide glycemic excursions in un-
managed states [12], real-world patients are stabilized by medication: within the
UK Biobank diabetic cohort, approximately 66.3% of confirmed T2D partici-
pants at Instance 0 were recorded as receiving glucose-lowering agents (Field
20003), with metformin representing the dominant intervention. After applying
our medication exclusion criteria, the untreated subsample used here therefore
represents a self-selected minority whose natural disease trajectory is less atten-
uated than the broader clinical population. Specifically, interventions like Met-
formin truncate the upper tail of the distribution by aggressively suppressing
the hepatic gluconeogenesis that our model identifies as a key driver of stress-
induced hyperglycemia [28,22]. This clinical stabilization is further evidenced
by the development of EHR-based risk assessments like the HypoHazardScore,
which must account for this compressed clinical reality when translating trial-
derived variability into practice [24].

Timescale Separation and Phenotypic Snapping The observed ambiguity in the
IFG category suggests a limitation of the current deterministic framework -
the lack of bistability needed to create a sharp threshold between healthy and
diabetic states. This is likely due to the separation of timescales inherent in neu-
roendocrine regulation. While our five-day simulation captures fast dynamics
of metabolic equilibration, actual transitions into disease states involve slower
variable dynamics that evolve over months or years. Specifically, Karin et al.
demonstrated that chronic stress induces gland mass hypertrophy in the pitu-
itary and adrenal cortex, creating a structural "memory" that increases the sys-
tem’s gain over time [21]. Without these long-term morphological feedbacks, the
model settles into transient equilibria rather than crossing into the irreversible
basins of attraction identified in more complex HPA bifurcation analyses [30,2].
The 5-day simulation horizon used here is therefore best understood as capturing
the fast equilibration dynamics of the glucose-insulin subsystem under a fixed
stress drive, not as a direct model of the multi-year progression to T2D. Simu-
lating the latter would require integrating the slow structural feedbacks (gland
hypertrophy, S-cell exhaustion) that operate on timescales of months to years
and are currently held constant in the state vector.

The Hyperglycemic Feed-forward Loop Our sensitivity analysis identified cor-
tisol inhibition () and insulin sensitivity (Siurge:) as the primary drivers of
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metabolic stability. This mathematical sensitivity reflects the "Noxious Ninth"
hypothesis, in which HPA dysregulation functions as both cause and consequence
of metabolic dysfunction [18]. Chronic hyperglycemia induces a state of "func-
tional hypercortisolism" by elevating arginine vasopressin (AVP) levels, which
synergizes with CRH to override the HPA axis "brakes" [7]. Mechanistically, the
glucocorticoid-adiponectin axis acts as a key regulator of this drift, where ele-
vated cortisol suppresses adiponectin expression via PPAR~y antagonism, further
driving metabolic instability [23]. By capturing this loop, our model illustrates
how psychosocial stress and metabolic pressure form a self-reinforcing cycle that
accelerates metabolic drift.

5 Conclusion

We have demonstrated that a coupled hypothalamic-pituitary-adrenal (HPA)
and metabolic framework can be calibrated to high-dimensional clinical data by
anchoring physiological parameters to a minimal set of individual markers. By
transitioning from population-wide constants to individualized scaling for glu-
cose effectiveness (E) and hepatic production (H), the model reproduced the
bimodal glucose distributions observed in the UK Biobank pilot cohort with-
out requiring group-specific refitting. Notably, this framework achieves clinical
parity using only two primary inputs from the UK Biobank: baseline fasting
glucose and mental health symptom burden. While other physiological param-
eters currently remain static or scaled to these anchors, the model’s ability to
maintain distinct phenotypic attractors proves that this low-input approach is
sufficient to capture the emergent metabolic drift of the population. The corre-
lation between simulated glucose and independently observed HbAlc (r = 0.82,
p < 0.0001) further supports that the framework captures clinically meaningful
signal beyond the initialization anchor.

The success of this pilot confirms that the framework is suitable for scal-
ing to the full UK Biobank population to identify potential targets for clinical
decision-making. However, the observed ambiguity in the pre-diabetic/IFG range
highlights the necessity of longer-term simulations that account for slow-moving
structural feedbacks, such as gland mass hypertrophy and [-cell exhaustion,
which determine the irreversible basins of attraction for metabolic disease [21].

This study constitutes the first stage of a broader research programme aimed
at building a population-scale neuroendocrine-metabolic model for the UK Bio-
bank. The immediate next step is extending the individualized scaling framework
to a larger cohort while incorporating additional interacting systems (including
CNS-HPA feedbacks and longitudinal weight dynamics) validated against the
UK Biobank. Longer-term, Neural ODE and DeepONet architectures are being
explored to capture the high-dimensional trajectory dynamics that deterministic
ODE systems approximate at the population level. The pilot results presented
here confirm that the mechanistic foundation is sound and the scaling approach
is viable, establishing the basis for virtual stress-reduction trials at scale.
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A Modified ODE Equations

The full 18-equation HPA-metabolic system is defined in Cao et al. [6], drawing
on Karin et al. [21] for the HPA axis module and Yildirim et al. [31] for the
metabolic module. We reproduce here only the equations substantively modified
in this work.

The glucocorticoid feedback factor gc and stress drive u are:

1
gc = W’ U = Upmin + (S - Au) (6)

Glucose dynamics are governed by << = H(C,G) — R(C, G, I), where:

(1+cn(C—1)) - Hyaa - k"

H = Hyas A 7
bas ki 4 (shep . Tynn M

(8)

R<E+Cgsl+(l’y)Rmaz(51) )

(1 =) - kp" + (sD)nr

where v = min(0.92, max(0, p(C — 1))) with p = 0.08 (reduced from the Cao et
al. default to ensure numerical stability across the UK Biobank glycemic range),
and 7 = min(0.92, max(0, p’(C — 1))). The individualized parameters E; and
Hpys,; are defined in Eqgs. 4-5 of the main text. All remaining state equations
(insulin dynamics, FFA, insulin sensitivity, beta-cell mass, inflammation, body
weight, fat compartments) follow Cao et al. [6] without modification.
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