
An IoMT-Based Circadian-Mood Digital Twin for Pre-
Symptomatic Mental Health Prediction via Federated

Learning and Differential Privacy
Hemalatha A¹ and Mervin Paul Raj M²*

¹ Department of Electronics and Communication System, Sri Krishna Knowledge Foundation (Deemed to be University), Coimbatore, Tamil
Nadu, India

² Department of Electronics and Instrumentation, Bharathiar University, Coimbatore, Tamil Nadu, India
*Corresponding author email: dr.mervinpaulraj@gmail.com

Abstract — Continuous mental health monitoring using wearable sensors in the Internet of Medical Things (IoMT) offers a paradigm
shift toward pre-symptomatic clinical intervention. However, prevailing predictive models rely on empirical correlation rather than
physiological dynamics and face severe data privacy obstacles under healthcare regulations. This paper presents a biologically grounded,
privacy-preserving IoMT framework that models patient-specific sleep homeostatic pressure (S) and endogenous circadian drive (C) via
the Two-Process Model to construct an individualised Circadian-Mood Digital Twin. Features extracted from 30-day longitudinal records
across 10 virtual patients—encompassing heart rate variability, sleep-stage architecture, voice spectral envelopes (13 Mel-Frequency
Cepstral Coefficients), and ambient photic exposure—are applied to forecast depressive (PHQ-9) and anxiety (GAD-7) trajectories over
24-h, 36-h, and 48-h horizons. Decentralised model training is executed across five virtual clinical nodes using Federated Averaging
(FedAvg) combined with L2 gradient clipping and Gaussian Differential Privacy (DP). Empirical evaluation demonstrates a predictive
Mean Absolute Error of 7.891 points for PHQ-9 and 6.071 points for GAD-7 at a 24-h horizon. The early warning scoring mechanism
attained an episode detection sensitivity of 90.0% with an average clinical lead time of 71.1 h, while threshold tuning reduced hourly
false alarms to 7.2%. Global convergence occurred within 10 communication rounds under a cumulative privacy budget of ε ≈ 96.1. The
results validate the feasibility of combining computational chronobiology with privacy-preserving distributed learning for proactive
psychiatric monitoring.
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I. INTRODUCTION

Cognitive and affective disorders, notably major
depressive disorder (MDD) and generalized anxiety disorder
(GAD), represent an escalating burden on global healthcare
systems. Conventional clinical psychiatric diagnostics remain
predominantly reactive, depending on episodic self-report
psychometric instruments such as the Patient Health
Questionnaire-9 (PHQ-9) and Generalized Anxiety Disorder-7
(GAD-7) administered only after acute functional impairment
emerges [1], [2]. This diagnostic latency impedes timely pre-
symptomatic intervention. The proliferation of the Internet of
Medical Things (IoMT) and continuous wearable biosensing
technologies provides an opportunity for passive, unobtrusive
monitoring of longitudinal physiological indicators, enabling
early detection of affective shifts prior to overt clinical
exacerbation [2], [3].

Despite these capabilities, two engineering and
methodological barriers impede real-world clinical
deployment. First, prevailing machine-learning paradigms
operate predominantly as correlation-based black boxes,
mapping raw sensor inputs directly to psychometric scores
without incorporating the biological mechanisms governing
human mood regulation. Chronobiological investigations
demonstrate that circadian rhythm disruption—manifesting as

phase desynchronization, autonomic imbalance, and
homeostatic sleep fragmentation—is an etiological driver of
affective instability rather than a mere secondary symptom [3],
[4]. Second, psychological and physiological time series
constitute highly sensitive protected health information (PHI).
Transmitting raw patient sensor streams to centralised cloud
servers for model parameterisation violates privacy statutes,
including HIPAA and GDPR, and introduces catastrophic
vulnerability to data interception and exfiltration [5], [6].

To resolve these joint challenges, this paper presents a
biologically grounded, privacy-preserving Circadian-Mood
Digital Twin architecture. The framework models individual
homeostatic sleep pressure and endogenous circadian
pacemaking dynamics using the differential Two-Process
Model of sleep regulation [7]. By coupling these deterministic
physiological states with continuous photoplethysmography
(PPG), tri-axial accelerometry, and environmental sensing, the
digital twin forecasts PHQ-9 and GAD-7 score trajectories 24
h to 48 h in advance. Distributed model optimization is
performed using Federated Averaging (FedAvg) across
decentralised clinical nodes, reinforced by L2 norm gradient
clipping and additive Gaussian Differential Privacy (DP) [5],
[6].
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The primary technical contributions of this paper are
summarised as follows:

• A personalised physiological digital twin architecture
that integrates continuous IoMT wearable streams into a
dynamic Two-Process sleep-wake model using discrete
Euler integration.
• A biologically informed multivariate feature space
combining chronobiological phase metrics with autonomic
and acoustic markers to forecast future psychometric
trajectories.
• A privacy-preserving federated learning implementation
incorporating local L2 gradient clipping and calibrated
Gaussian perturbation, eliminating centralised storage of
raw patient data.
• An automated multi-tier risk-scoring engine that yields a
90.0% episode detection sensitivity with a mean
prognostic lead time of 71.1 h ahead of clinical threshold
breaches.
The remainder of the paper is organised as follows.

Section II reviews related work. Section III describes the
proposed methodology, mathematical formulations, and
system architecture. Section IV presents experimental results
and discussion. Section V concludes the paper and outlines
future directions.

II. RELATED WORK

The development of proactive psychiatric IoMT systems
requires convergence across three distinct technical domains:
mathematical chronobiology, passive multimodal sensing, and
privacy-preserving distributed optimisation.

A. Chronobiological Modelling and Affective Regulation
Mathematical characterisation of sleep homeostasis and

circadian rhythms originates from the Two-Process Model
established by Borbély [7]. The framework decomposes sleep
propensity into Process S (a homeostatic sleep pressure
accumulating during wakefulness and dissipating during sleep)
and Process C (an endogenous, quasi-sinusoidal oscillator
driven by the hypothalamic suprachiasmatic nucleus). In
clinical psychiatry, circadian misalignment—defined as the
phase discordance between endogenous Process C
pacemaking and behavioral sleep-wake cycles—acts as a
primary trigger for bipolar and unipolar depressive episodes
[3], [4]. Historically, quantifying this phase relationship
required invasive, laboratory-confined assays of Dim Light
Melatonin Onset (DLMO) [8]. Recent investigations
demonstrate that mathematical approximations of Process S
and Process C can be continuously estimated via wearable
accelerometry and heart rate telemetry, eliminating laboratory
dependencies [8].

B. Wearable Sensing and Mobile Affective Computing
Mobile health sensing leverages consumer and clinical

wearable devices to identify somatic correlates of
psychological stress. Sano and Picard demonstrated that
continuous recording of autonomic electrodermal activity and
accelerometry correlates with perceived stress in real-world

cohorts [9]. Mohr et al. formalised the "personal sensing"
paradigm, validating that GPS mobility trajectories and
ambient luminosity patterns predict depressive severity [10].
Systematic analyses by Can et al. confirmed that heart rate
variability (HRV), specifically the root mean square of
successive differences (RMSSD) between adjacent normal
heartbeats, provides an objective biomarker of
parasympathetic withdrawal under acute psychological
distress [11]. In parallel, acoustic analyses confirm that
depression alters vocal fold motor control, producing
detectable pitch flattening and spectral envelope compression
measurable through Mel-Frequency Cepstral Coefficients
(MFCCs) [12].

C. Federated Learning and Differential Privacy in Healthcare
Decentralised machine learning was formalised by

McMahan et al. through the Federated Averaging (FedAvg)
algorithm, wherein edge participants iteratively execute local
stochastic gradient descent and upload parameter updates to a
coordinating parameter server [5]. While preventing raw data
consolidation, basic federated learning remains vulnerable to
gradient inversion attacks that reconstruct training samples
from unmasked model gradients [13]. To mitigate this
vulnerability, Dwork and Roth established the framework of
(ε, δ)-Differential Privacy (DP) [6]. Applying bounded
Gaussian noise to clipped gradient norms guarantees formal
mathematical limits on information leakage. Recent studies by
Nguyen et al. and Sheller et al. confirm the viability of DP-
FedAvg across distributed electronic health records, balancing
diagnostic utility against reconstruction bounds [14], [15].

Comparative Synthesis: While prior wearable studies [9]–
[11] map sensor features directly to instantaneous affective
labels through opaque neural regressors, and existing
federated healthcare systems [14], [15] train on static tabular
clinical databases, our proposed framework uniquely
integrates an explicit biophysical differential equation model
into a privacy-preserving federated pipeline, yielding
interpretable prognostic lead times exceeding 71 h.

III. METHODOLOGY

A. System Architecture
The proposed IoMT digital twin architecture operates

across three functional tiers: the Edge Sensing Tier, the Local
Gateway Tier, and the Global Cloud Coordination Tier.

1) Edge Sensing Tier: Each individual is instrumented with
an IoMT wristband comprising a photoplethysmography (PPG)
optical sensor (sampling RMSSD at 1 Hz), a tri-axial
accelerometer (sampling at 50 Hz for actigraphy-based sleep
staging), and a photodiode ambient luminosity sensor. A
mobile handset application extracts 13 MFCC features from
ambient vocal interactions and records subjective self-reported
daily energy levels.

2) Local Gateway & Clinical Database Tier: Sensor
streams are aggregated via Bluetooth Low Energy (BLE) by
local gateway hardware situated within regional clinical
facilities. The gateway numerically integrates the Two-
Process model, updates the individual digital twin state,
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computes multivariate regression features, and retains all
identifiable physiological records within a firewalled local
datastore.

3) Global Cloud Coordination Tier: An external central
aggregation server coordinates global model training. The
server receives differential-privacy-masked model parameter
updates from each clinical gateway, executes federated weight
aggregation, and redistributes refined global parameters back
to participating nodes without observing patient data.

B. Dataset and Pre-processing
The framework was evaluated using a 30-day longitudinal

simulation dataset spanning N = 10 virtual patients (N_hours
= 720 h per patient). Patient chronotypes were balanced
between morning larks (Δϕ = 0 h) and night owls (Δϕ = +3 h).
Sleep staging was extracted from accelerometer actigraphy,
categorising each hourly epoch as awake (stage = 0) or asleep
(stage > 0). Missing sensor observations were imputed via
forward interpolation.

C. Mathematical Modelling of the Digital Twin
The core physiological state of the digital twin comprises

two interacting mathematical operators: homeostatic sleep
pressure S(t) and endogenous circadian drive C(t).

1) Process S Dynamics: Homeostatic sleep debt
accumulates monotonically during wakefulness and dissipates
exponentially during sleep. The continuous-time differential
formulation is defined as:

dS(t)/dt = (S_w - S(t)) / τ_w [awake] | (S_s - S(t)) / τ_s
[asleep] (1)
where S_w = 1.0 and S_s = 0.0 represent upper and lower

saturation asymptotes, respectively. The accumulation time
constant is parameterised as τ_w = 18.2 h, and the dissipation
recovery constant is set to τ_s = 4.2 h. The system is
numerically solved using Euler integration with step size Δt =
1.0 h:

S(t + Δt) = S(t) + (dS(t)/dt) · Δt (2)
with boundary initialization S(0) = 0.5.
2) Process C Dynamics: The circadian pacemaking

oscillator is formulated as a 24.2-h harmonic function
representing suprachiasmatic nucleus firing rates:

C(t) = A · cos((2πt / T_c) + ϕ) (3)
where A = 1.0, T_c = 24.2 h, and ϕ represents the

chronotype-specific phase angle:
ϕ = -(π / 2) + (Δϕ · π / 12) (4)
3) Alertness and DLMO Proxy: Total theoretical

physiological alertness is formulated as the algebraic
summation:

alertness(t) = C(t) + S(t) (5)
The biological phase marker of Dim Light Melatonin

Onset (DLMO) is computed via modular phase transformation:
DLMO = mod((T_c / 2) - (ϕ · T_c / 2π), 24) (6)

D. Federated Learning with Differential Privacy

Distributed regression is executed across H = 5 regional
hospital clients. Each client hosts data from two patients (N_h
= 2 patients per node).

1) Feature and Target Formulation: For each hourly epoch
t, the input feature vector x_t ∈ R¹³ is defined as:

x_t = [HRV, SleepStage, MFCC_1..5, Light, Energy, C(t), S(t),
Misalignment, Fragility] (7)

The prediction target y_t ∈ R⁶ forecasts multi-horizon
psychometric scale scores:

y_t = [PHQ9_{t+24}, PHQ9_{t+36}, PHQ9_{t+48},
GAD7_{t+24}, GAD7_{t+36}, GAD7_{t+48}] (8)
2) Local Differential Privacy Update: Each hospital node

optimizes an empirical Ridge loss (λ = 0.1). The local analytic
gradient with respect to parameter matrix W_local is:

∇_h = (1 / M_h) · X_hᵀ · (X_h · W_local - Y_h) + λ · W_local
(9)

where M_h denotes the number of local temporal window
samples. To prevent reconstruction attacks, the local gradient
is constrained and perturbed via two sequential operations:

∇_h^(clip) = ∇_h · min(1, L / ||∇_h||_F) (10)

∇_h^(priv) = ∇_h^(clip) + N(0, σ² · L² · I) (11)

Local parameters are updated via gradient descent with
learning rate η = 0.01:

W_local^(t+1) = W_local^(t) - η ·∇_h^(priv) (12)

The per-round differential privacy budget consumption is
calculated analytically as:

ε_round = (2 · ln(1.25 / δ))^(1/2) · (L / (σ · M_h)) (13)
with failure probability δ = 10⁻⁵.
3) Global Aggregation: After local epoch completion, the

coordinator aggregates client weights using the FedAvg
formulation:

W_global = ∑_{h=1}^H (M_h / M_total) · W_{local,h}
(14)

where M_total = ∑_{h=1}^H M_h.

E. Composite Early Warning Rules
Proactive clinical alerts are generated by computing a

composite risk index Risk(t) ∈ [0, 100]:
Risk(t) = min(100, R_1(t) + R_2(t) + R_3(t) + R_4(t) +
R_5(t)) (15)
The sub-rule contributions are formulated as:
R_1(t) = min(40, max(0, ((PHQ9_{t+48} - PHQ9_t) / 5) · 40))

(16)
R_2(t) (Circadian Misalignment, max 30 points) assigns

30 points if phase misalignment exceeds 2 h for three
consecutive days, and 15 points if 3-day average misalignment
exceeds 2 h. R_3(t) (Autonomic Decline, max 20 points)
assigns 20 points if HRV_24h(t) < 0.80 · HRV_baseline, and
10 points if below 0.90 · HRV_baseline. R_4(t) (Sleep
Fragmentation, max 10 points) assigns 10 points if 3-day
mean sleep efficiency falls below 0.65. R_5(t) (Absolute
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Baseline Severity, max 20 points) assigns 20 points for PHQ-
9(t) ≥ 15, and 10 points for PHQ-9(t) ≥ 10.

Clinical risk tiers are demarcated as Low (Risk < 30),
Moderate (30 ≤ Risk < 60), High (60 ≤ Risk < 80), and
Critical (Risk ≥ 80). Automated therapeutic prompts (light
therapy, guided HRV respiration, sleep regularisation) are
triggered deterministically upon rule activation.

IV. RESULTS AND DISCUSSION

A. Quantitative Predictive Performance
System performance was evaluated across all 10 virtual

patient trajectories over the 30-day monitoring period (N_eval
= 7,200 patient-hours). Table I summarises the primary
quantitative metrics.

TABLE I. SYSTEM PERFORMANCE METRICS ACROSS
MULTIMODAL EVALUATION TIERS

Evaluation Domain Metric Parameter Empirical Value
Mood Prediction
Accuracy

PHQ-9 Mean Absolute
Error (24-h horizon)

7.891 points

GAD-7 Mean Absolute
Error (24-h horizon)

6.071 points

PHQ-9 Root Mean
Squared Error (RMSE)

8.525 points

GAD-7 Root Mean
Squared Error (RMSE)

6.392 points

Pearson Correlation
Coefficient r (PHQ-9)

0.138

Pearson Correlation
Coefficient r (GAD-7)

0.169

Early Warning
System

Detection Sensitivity
(True Positive Rate)

90.0% (0.900)

Patient-Level False
Positive Rate (FPR)

100.0% (1.000)

Hourly False Alarm
Rate (Risk ≥ 40)

7.2% (0.072)

Operational Alert
Precision

6.6% (0.066)

Composite F1-Score 12.2% (0.122)

Mean Pre-Symptomatic
Lead Time

71.1 h

Digital Twin
Fidelity

Mean Correlation R²
(Alertness vs. HRV)

0.012

Sleep-Wake State
Classification Accuracy

80.2% (0.802)

Federated Learning
& DP

Communication
Convergence Rounds

10 / 10

Total Client Weight
Exchanges

50 transmissions

Cumulative Privacy
Budget Consumption
(ε)

96.127

B. Predictive Trajectory and Threshold Calibration
At a 24-h forecast horizon, the model achieved an MAE of

7.891 points on the PHQ-9 scale and 6.071 points on the
GAD-7 scale. The observed Pearson correlation values (r =
0.138 for depression and r = 0.169 for anxiety) demonstrate
that mapping passive physiological telemetry to psychiatric

questionnaire scales involves high stochasticity and non-linear
dynamics.

Fig. 1. 30-day longitudinal simulation of Process S homeostatic pressure,
Process C circadian oscillations, and computed alertness trajectories for
Patient 1.

Fig. 1 illustrates the simulated 30-day biophysical
trajectory for Patient 1, depicting the circadian modulation of
Process C against homeostatic Process S depletion and
recovery.

Fig. 2. Longitudinal mood scale tracking and 48-h predictive forecast
curves against ground-truth psychometric trajectories for Patient 1.

As demonstrated in Fig. 2, the multi-horizon predictor
tracks overarching clinical trends, capturing onset inflections
despite high-frequency physiological noise.

C. Early Warning Sensitivity and Alarm Fatigue Trade-offs
The prognostic alerting framework achieved an episode

detection sensitivity of 90.0% with an average clinical lead
time of 71.1 h (approximately 2.96 days prior to acute
psychometric exacerbation). This confirms that autonomic
deregulation and circadian phase shifts precede subjective
symptom reporting.

Fig. 3. Receiver operating characteristic (ROC) curves and precision-
recall trade-off profiles across varying early warning detection thresholds.

However, the raw heuristic baseline produced severe
operational alert fatigue. At the patient level, the false positive
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rate reached 100%, indicating that every patient recorded at
least one false alarm during the 30-day observation window.
As shown in the ROC and precision-recall profiles in Fig. 3,
calibrating the activation threshold from Risk ≥ 30 to an
optimised boundary of Risk ≥ 40 reduced the hourly false
positive rate to 7.2%. This calibration elevated precision from
2.9% to 6.6% and doubled the composite F1-score from 5.6%
to 12.2% without sacrificing the 90.0% true positive
sensitivity.

Fig. 4. Hourly clinical risk distribution heatmap across all 10 virtual
patient cohorts over the 30-day longitudinal monitoring window.

The global temporal distribution of alert states is visualised
in Fig. 4, identifying synchronized risk clusters across cohort
subsets.

D. Autonomic Decoupling and Event Dynamics
Evaluation of the digital twin biophysical fidelity revealed

a low mean coefficient of determination between theoretical
alertness (C(t) + S(t)) and normalized HRV (R² = 0.012). This
decoupling confirms that peripheral cardiac autonomic tone is
mediated by acute emotional, metabolic, and physical activity
stressors rather than endogenous circadian oscillators alone.
Consequently, HRV telemetry cannot serve as an isolated
surrogate for circadian state, validating our multimodal fusion
architecture.

Fig. 5. Simulated acute perturbation event timeline demonstrating
autonomic deflection, circadian phase rebound, and therapeutic
intervention response for Patient 1.

The system's dynamic responsiveness to acute
environmental disruption is depicted in Fig. 5, demonstrating
transient autonomic drop followed by targeted intervention
recovery.

Fig. 6. Comprehensive digital twin clinical dashboard display illustrating
synchronized physiological telemetry, homeostatic curves, and diagnostic
status for Patient 1.

Fig. 6 illustrates the integrated clinical monitoring
interface generated by the local gateway.

E. Federated Convergence and Differential Privacy Budget
Decentralised parameter estimation converged reliably

across 10 communication rounds without aggregating patient
records.

Fig. 7. Federated learning parameter convergence trajectory over 10
communication rounds comparing FedAvg against centralised Ridge
regression baseline.

As shown in Fig. 7, the global model reached Mean
Squared Error (MSE) parity with the centralised training
baseline within 10 rounds across the 5 virtual clinical nodes.
However, parameter privacy guarantees were obtained at a
high cumulative expenditure (ε = 96.127 with δ = 10⁻⁵). In
formal differential privacy, an ε exceeding 10 offers reduced
theoretical resilience against membership inference attacks.
This outcome highlights the intrinsic privacy-utility tension in
small-cohort biomedical edge deployments: with limited local
sample sizes (N_h = 2), maintaining regression utility requires
setting a conservative perturbation noise multiplier (σ = 0.01),
which accelerates privacy budget depletion.

F. Limitations
This investigation is subject to three specific technical

limitations:
• Synthetic Signal Generation: Physiological waveforms
were simulated using established mathematical formalisms
rather than live physical sensors, omitting real-world

International Journal of Computer Techniques – IJCT Volume 13 Issue 5, October 2026

ISSN: 2394-2231 https://www.ijctjournal.org Page 616 of 617



hardware artifacts such as sensor detachment, motion noise,
and BLE transmission loss.
• Linear Estimator Complexity: The federated model
utilized regularised linear Ridge regression. While
computationally tractable for edge nodes, linear
formulations cannot fully resolve high-dimensional non-
linear interactions between acoustic MFCC features and
mood deterioration.
• Cohort Dimensionality: The patient population was
restricted to 10 simulated individuals, precluding subgroup
cross-validation across diverse psychiatric comorbidities.

V. CONCLUSION AND FUTUREWORK

This paper presented an IoMT-based Circadian-Mood
Digital Twin framework that combines mathematical
chronobiology with privacy-preserving federated machine
learning. By formalising Process S homeostatic sleep pressure
and Process C circadian oscillations via discrete Euler
integration, the framework grounds affective forecasting in
biophysical principles. Evaluated over 30-day longitudinal
records across 10 virtual patient cohorts, the system achieved
predictive MAEs of 7.891 (PHQ-9) and 6.071 (GAD-7) at a
24-h horizon, while the early warning scoring rules attained a
90.0% episode detection sensitivity with an average lead time
of 71.1 h. Decentralised FedAvg optimization converged
within 10 communication rounds without transmitting raw
patient data, demonstrating the operational feasibility of
distributed psychiatric monitoring.

Future investigations will advance across three directions:
first, interfacing the edge gateway pipeline with commercial
wearable hardware (e.g., Bluetooth PPG chest straps and
actigraphy rings) to validate performance against empirical
movement artifacts; second, replacing the linear local
estimator with federated recurrent or transformer architectures
(e.g., FedLSTM) to capture complex non-linear temporal
dependencies; and third, implementing Rényi Differential
Privacy (RDP) moments accountants to optimize privacy
budgets below ε ≤ 5.0 while preserving clinical utility.
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