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Abstract 
Selective serotonin reuptake inhibitor (SSRI)-associated mood destabilisation, 
encompassing hypomania, mania, and mixed-state induction, is an important 
pharmacological safety concern in bipolar disorder. Current clinical decision-
making relies largely on static baseline risk factors and therefore may not cap-
ture the temporal evolution of symptoms, medication exposure, adherence, 
sleep, and physiological measures across follow-up visits. This methodological 
proof-of-concept study evaluates whether longitudinal modelling of entirely 
synthetic electronic health record (EHR)-like trajectories can identify patterns 
associated with later simulated destabilisation. It does not use real clinical rec-
ords or provide external clinical validation. We developed a Temporal Convo-
lutional Network (TCN) with dilated causal convolutions using an entirely syn-
thetic cohort of N = 750 SSRI-exposed simulated patients with bipolar disor-
der. No real patient records, registry data, or hybrid clinical-synthetic records 
were used. Each trajectory contained up to 12 visits and 14 time-varying fea-
tures: MADRS and YMRS scores, GAF, SSRI dose, mood-stabiliser level proxy, 
HRV SDNN, sleep duration, daily step count, self-reported mood and anxiety, 
visit gap, medication-change flag, side-effect burden, and prescription fill ratio. 
The endpoint was a simulator-defined incident hypomanic, manic, or mixed 
episode occurring within the follow-up horizon. For destabilised cases, all ob-
servations at and after event onset were excluded and masked. The TCN used 
four residual blocks with two kernel-size-3 causal convolutions per block and 
dilations 1, 2, 4, and 8, yielding an effective receptive field of 61 visits. A pa-
tient-level out-of-fold stacking ensemble combined TCN and XGBoost proba-
bilities through a logistic-regression meta-learner. Temporal gradient saliency 
was used to examine the contribution of observed pre-event visits. On the held-
out test set, logistic regression achieved the highest AUC (0.974), followed by the 
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proposed ensemble (0.950), XGBoost (0.948), LSTM (0.915), and the standalone 
TCN (0.844). The ensemble achieved F1 = 0.826, sensitivity = 0.827, specificity 
= 0.923, and AUC = 0.950 (95% CI: 0.892 - 0.989). Thus, the ensemble did not 
outperform logistic regression in discrimination, although it provided compet-
itive performance and the highest estimated net benefit across the reported de-
cision-curve threshold range. Temporal saliency showed a strong contribution 
at the initial visit and a later increase around visits 7 - 10 in the synthetic de-
stabilised trajectories. These model-dependent patterns are exploratory and 
should not be interpreted as a validated clinical monitoring window. Longitu-
dinal modelling of synthetic EHR trajectories can recover temporally distrib-
uted patterns associated with later simulator-defined SSRI-related mood desta-
bilisation. In this simulation, temporal attributions were distributed across 
early and later pre-event observations rather than establishing a single defini-
tive monitoring interval. Prospective validation on real, independently col-
lected EHR data is required before any monitoring schedule or clinical alert 
can be recommended.  
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1. Introduction 

The prescription of selective serotonin reuptake inhibitors (SSRIs) in bipolar dis-
order sits at the centre of one of psychiatry’s most consequential pharmacological 
debates. SSRIs are frequently prescribed for bipolar depression the dominant and 
most disabling illness phase despite evidence that they carry a meaningful risk of 
mood destabilisation: the pharmacological induction of hypomania, mania, or 
mixed states that worsens the long-term cycling trajectory [1]. Estimates of SSRI-
induced destabilisation rates in BD range from 22% - 30%, with rates varying sub-
stantially by SSRI class, concomitant mood stabiliser adequacy, BD subtype, and 
individual biological vulnerability [2]. 

The critical limitation of current clinical practice is temporal. Existing risk fac-
tors for SSRI-induced destabilisation BD-I diagnosis, prior switch history, inade-
quate mood stabiliser coverage, genetic vulnerability, mixed episode history are 
assessed at baseline and remain static throughout the treatment course [3]. Yet 
the clinical trajectory of SSRI-induced destabilisation is inherently dynamic: YMRS 
scores rise gradually, mood stabiliser effectiveness fluctuates with adherence, sleep 
patterns deteriorate, and prescription fill regularity declines in the weeks before a 
full clinical switch. This evolving signal is distributed across multiple electronic 
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health record visits but is invisible to static clinical assessment. 
Temporal Convolutional Networks (TCNs), first proposed by Bai et al., [4] ad-

dress this limitation through dilated causal convolutions that can process se-
quences of arbitrary length while maintaining causal (non-future-leaking) predic-
tions and benefiting from parallelisable training unlike recurrent architectures. 
TCNs have achieved state-of-the-art performance on medical time-series tasks in-
cluding ICU deterioration, epileptic seizure prediction, and ECG arrhythmia clas-
sification [5] [6]. Their application to longitudinal EHR sequences in psychiatry, 
however, remains unexplored. No study has applied TCN or any deep sequence 
architecture to SSRI-induced destabilisation prediction in BD using multi-visit 
EHR data. 

We present five contributions: 1) a proof-of-concept TCN applied to entirely 
synthetic longitudinal EHR-like sequences for SSRI-associated mood destabilisa-
tion in bipolar disorder; 2) a dilated causal architecture with residual blocks and 
an effective receptive field larger than the 12-visit input window; 3) a leakage-
aware outcome design in which observations at and after simulated event onset 
are excluded and masked; 4) temporal saliency and prefix-based trajectory anal-
yses that generate hypotheses about how baseline and evolving pre-event obser-
vations influence predictions; and 5) an out-of-fold stacking ensemble combining 
TCN and XGBoost outputs. The study is methodological and hypothesis-generat-
ing; it does not constitute external clinical validation. 

2. Background and Related Work 
2.1. SSRI-Induced Mood Destabilisation in BD: Clinical Evidence 

The causal relationship between SSRI exposure and mood destabilisation in BD 
has been debated for four decades, with evidence accumulating from naturalistic 
cohorts, post-marketing surveillance, and prospective randomised trials. In the 
STEP-BD randomised trial, durable recovery occurred in 23.5% of participants 
receiving adjunctive antidepressant therapy and 27.3% receiving placebo, while 
treatment-emergent affective switch occurred in 10.1% and 10.7%, respectively; 
the trial therefore did not show increased switch risk with adjunctive antidepres-
sant treatment [7]. Serotonergic mechanisms have nevertheless been proposed, 
including 5-HT2A receptor sensitisation, serotonin transporter occupancy effects 
on dopaminergic tone, and genotype-dependent differences in serotonin reuptake. 
Mood stabiliser co-prescription may attenuate, but does not necessarily eliminate, 
destabilisation risk through GABAergic, glutamatergic, and neurotrophic mecha-
nisms. 

2.2. Temporal Convolutional Networks 

TCNs, introduced by Bai et al. as a general-purpose sequence-modelling architec-
ture, employ dilated causal convolutions that use only current and previous time 
steps while expanding the receptive field exponentially through increasing dila-
tion. For a stack containing two kernel-size-k convolutions at each dilation d, the 
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receptive field is 1 + 2(k − 1)Σd. With k = 3 and dilations 1, 2, 4, and 8, the archi-
tecture used here has an effective receptive field of 61 visits, exceeding the 12-visit 
maximum input length. Residual connections allow gradients to bypass convolu-
tional transformations and improve optimisation stability [8]. 

2.3. Deep Learning for EHR Sequence Prediction 

Longitudinal EHR sequences have been modelled using LSTM networks for read-
mission prediction [9] Transformer encoders for ICU deterioration [10] and con-
volutional architectures for mortality prediction. Psychiatric EHR modelling has 
focused primarily on depression severity prediction from natural language pro-
cessing of clinical notes and diagnostic code sequences. No deep learning study 
has modelled longitudinal feature sequences from psychiatric outpatient EHRs for 
pharmacovigilance prediction, leaving the temporal EHR signature of SSRI-in-
duced destabilisation clinically uncharacterised. 

2.4. Gradient-Based Temporal Saliency 

Gradient-based saliency maps, first proposed by Simonyan et al. [11] for image 
classification, identify input dimensions that influence model predictions by com-
puting the gradient of the output with respect to the input. Applied to temporal 
sequence models, saliency maps can indicate which observed time steps contrib-
ute most strongly to a model output. In this study, temporal saliency is used as an 
exploratory attribution method for generating hypotheses about visit-level model 
sensitivity; it does not itself establish causality or justify a clinical monitoring rec-
ommendation. 

3. Methods 
3.1. Cohort Design 

This study used an entirely synthetic proof-of-concept cohort of N = 750 inde-
pendent simulated patients with bipolar disorder (BD-I: 58%; BD-II: 42%) receiv-
ing an SSRI-containing regimen. No observations were extracted from hospitals, 
registries, clinical databases, or individual patient records, and there was no hy-
brid real-synthetic component. Because the cohort was generated rather than re-
cruited, there was no clinical site, registry source, recruitment period, or patient-
consent process. One trajectory was generated per simulated patient, with a max-
imum of 12 scheduled follow-up visits and 14 time-varying features. The analyti-
cal cohort consisted of all 750 generated trajectories, so no patient contributed mul-
tiple sequences. Feature values were generated within clinically plausible bounded 
ranges using stochastic longitudinal processes that incorporated baseline hetero-
geneity, within-patient autocorrelation, gradual medication titration, adherence 
variation, symptom drift, and random measurement noise. The overall simulated 
destabilisation prevalence was fixed at 30.0% as a design choice intended to ap-
proximate the range discussed in the clinical literature; it is not an empirical prev-
alence estimate. The complete data-generation specification, parameter settings, 
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code, and random seed should accompany the revised submission to permit exact 
reproduction [12]-[14]. 

The binary endpoint was a simulator-defined first incident hypomanic, manic, 
or mixed episode after SSRI initiation. Event status and event time were assigned 
by the synthetic data-generation process before model fitting and were not derived 
from model predictions. Because no clinical adjudication occurred, the endpoint 
should be interpreted as the simulator’s binary destabilisation state rather than a 
validated clinical diagnosis. For the primary sequence-level analysis, the predic-
tion landmark was the last observed visit available to the model: the visit immedi-
ately before event onset for destabilised cases and the final available follow-up visit 
for stable cases. Prefix-based analyses treated each successive observed visit as a 
provisional landmark. Event onset was assigned within the 12-visit follow-up hori-
zon; for an event case, model input ended at the last visit before onset. The event 
visit and every later visit were masked and excluded from feature aggregation, 
training, saliency computation, and prefix-based prediction. For stable cases, no 
event occurred during the 12-visit horizon. The evaluation therefore asks whether 
available pre-event information is associated with a later simulated event rather 
than whether the model can recognise measurements recorded during or after de-
stabilisation [15]. 

3.2. EHR Feature Architecture 

Fourteen features were extracted per clinical visit, spanning five domains: symp-
tom severity (MADRS total, YMRS total), functional status (GAF score), pharma-
cological parameters (SSRI dose, mood stabiliser serum level proxy), physiological 
biomarkers (HRV SDNN, sleep duration, daily step count), patient-reported out-
comes (mood self-rating, anxiety severity), and prescribing behaviour (visit gap 
days, medication change flag, side-effect burden, prescription fill ratio). All fea-
tures were normalised to [0, 1] within the feature-specific clinical range. For the 
tabular XGBoost baseline, three temporal aggregates were computed per feature 
across the 12 visits: visit mean, visit standard deviation (variability), and trend 
(mean of last 3 minus mean of first 3 visits), yielding 42 XGBoost features plus 14 
static patient-level meta-features. 

3.3. TCN Architecture  

The TCN architecture comprises four sequential residual TCN blocks. Each block 
contains two causal dilated convolutions (kernel size k = 3; hidden channels = 64), 
each followed by layer normalisation and GELU activation, with dropout (p = 
0.20). Block dilations are 1, 2, 4, and 8. Because each block contains two convolu-
tions, the effective receptive field is 1 + 2(k − 1)(1 + 2 + 4 + 8) = 61 visits, which 
covers the complete 12-visit input window. A pointwise 1 × 1 convolution aligns 
the residual path when required. The network produces a hidden representation 
at every valid time step; however, the primary classifier is sequence-level rather 
than a separate classifier at each visit. Masked global average pooling aggregates 
only observed pre-event time steps into a 64-dimensional embedding, which is 
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passed through a two-layer classification head (64 → 32 → 2; GELU; dropout 0.20). 
The risk trajectories shown later were generated by rerunning the same sequence-
level model on progressively longer prefixes, not by exposing future visits to ear-
lier predictions. 

3.4. Training Protocol 

All sequence models were trained with class-weighted cross-entropy loss, AdamW 
optimiser (learning rate 1 × 10−3; weight decay 1 × 10−4), cosine-annealing learn-
ing-rate scheduling, and early stopping on validation AUC with patience = 12 
epochs. Simulated patients were split once at the patient level using stratified al-
location by the binary outcome into training (70%, n = 525), validation (15%, n = 
112), and held-out test sets (15%, n = 113). Because only one sequence was gener-
ated per patient, no patient, duplicated trajectory, or overlapping sequence ap-
peared in more than one split. Destabilisation was defined as a simulator-assigned 
incident hypomanic, manic, or mixed episode occurring after the applicable pre-
diction landmark and within the remaining follow-up window. In event cases, the 
event visit and all subsequent visits were excluded and represented by a mask; 
stable cases retained all available visits. The primary reported models did not use 
SMOTE. Class imbalance was handled through class-weighted loss because flat-
tening, oversampling, and reshaping multivariate sequences can create artificial 
trajectories that do not preserve within-patient temporal dependence. No claim is 
made for a flattened-sequence SMOTE sensitivity analysis. Five-fold out-of-fold 
predictions within the training data were used to fit the logistic-regression stack-
ing meta-learner (C = 1.0), after which component models were refitted and eval-
uated once on the untouched test set. Temporal saliency was calculated as the L1 
norm of the gradient of the destabilisation score with respect to observed input 
values, averaged across features at each valid visit. 

3.5. Evaluation Framework 

Performance was evaluated on the held-out test set using AUC, F1, sensitivity, 
specificity, Brier score, and decision-curve analysis; 95% confidence intervals were 
estimated with 1000 bootstrap resamples. The decision threshold (0.32) was se-
lected using the validation set and then fixed before test evaluation. Additional 
analyses included XGBoost SHAP importance for temporal aggregates, gradient-
based temporal saliency for the TCN, and exploratory subgroup analyses. BIC-, 
WAIC-, and Bayes-factor summaries are reported as model-fit/parsimony anal-
yses and are not interpreted as substitutes for held-out discrimination. Because 
the data are synthetic and no external cohort was used, all results are internal and 
exploratory. 

4. Results 
4.1. Calibration and Clinical Utility 

Figure 1 presents calibration curves. The ensemble achieved a Brier score of 0.082, 
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whereas logistic regression had the lowest Brier score (0.054). Figure 2 presents 
decision-curve analysis. Within the reported threshold range of 0.25 - 0.55, the 
ensemble showed the highest estimated net benefit. This decision-curve finding 
should be interpreted separately from AUC ranking and requires confirmation on 
real-world data before clinical use. 
 

 

Figure 1. Calibration curves for all five models. Brier scores: proposed ensemble 0.082, 
TCN 0.149, LSTM 0.142, XGBoost 0.077, LR 0.054. Perfect calibration = dashed diagonal. 
 

 

Figure 2. Decision-curve analysis. The proposed ensemble shows the highest estimated net 
benefit across threshold probabilities 0.25 - 0.55 in this synthetic test set. Note: This does 
not imply superior AUC and should be regarded as an internal, hypothesis-generating re-
sult. 
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4.2. Discriminative Performance 

Table 1 presents comparative performance on the held-out test set (n = 113). Lo-
gistic regression achieved the highest AUC (0.974), F1 (0.913), sensitivity (0.913), 
specificity (0.962), and the lowest Brier score (0.054). The proposed ensemble 
ranked second by AUC at 0.950 (95% CI: 0.892 - 0.989), closely followed by 
XGBoost at 0.948; the LSTM and TCN achieved AUCs of 0.915 and 0.844, respec-
tively. Therefore, the results do not support a claim that the standalone TCN out-
performed the tabular baselines. Instead, they show that summary-feature models 
were highly competitive in this synthetic dataset, while the TCN contributed a 
temporally interpretable component to the ensemble. 
 
Table 1. Comparative model performance-test set (n = 113). 

Model AUC F1 Sensitivity Specificity Brier 

Logistic regression 0.974 0.913 0.913 0.962 0.054 

XGBoost 0.948 0.810 0.799 0.923 0.077 

LSTM baseline 0.915 0.769 0.914 0.793 0.142 

TCN (proposed) 0.844 0.620 0.543 0.910 0.149 

Proposed ensemble (proposed) 0.950 0.826 0.827 0.923 0.082 

95% bootstrap CI (1000 resamples). Threshold = 0.32, selected on the validation set and 
fixed before test evaluation. XGBoost and logistic regression used temporal summary sta-
tistics (mean, SD, trend) plus 14 baseline meta-features (56 features total). 

4.3. TCN Architecture Diagram 

Figure 3 summarises the complete data path used by the TCN. Each synthetic 
patient trajectory enters the network as a 12 × 14 normalised visit-feature tensor 
accompanied by a validity mask. The four residual blocks use two kernel-size-3 
causal convolutions per block, with dilation factors 1, 2, 4, and 8. Under this con-
figuration, the cumulative theoretical receptive field expands from 5 visits after 
the first block to 13, 29, and 61 visits after the subsequent blocks. The revised di-
agram reports these cumulative values explicitly, thereby distinguishing the re-
ceptive field of the full stacked architecture from the smaller increment contrib-
uted by an individual dilated layer. 

Because the final theoretical receptive field exceeds the 12-visit sequence length, 
the deepest representation can incorporate all available observations in the input 
window. This does not introduce future leakage: causal padding restricts each ac-
tivation to the current and preceding visits, and the event visit and all later visits 
remain masked for destabilised cases. Masked global average pooling then aver-
ages only valid observed pre-event positions to create a 64-dimensional sequence 
embedding, preventing padded or excluded time steps from influencing the clas-
sifier. 
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Figure 3. Leakage-aware TCN architecture for sequence-level prediction. A 12-visit × 14-feature tensor and validity mask pass 
through four residual blocks with dilation factors 1, 2, 4, and 8. Each block contains two kernel-size-3 causal convolutions, giving 
cumulative theoretical receptive fields of 5, 13, 29, and 61 visits. Masked global average pooling aggregates observed pre-event steps 
into a 64-dimensional embedding, followed by a 64 → 32 → 2 classifier. Prefix trajectories are produced by rerunning the same model 
on progressively longer observed prefixes. Note: Receptive-field values are cumulative after each residual block. A theoretical recep-
tive field larger than the 12-visit input indicates complete coverage of the available sequence, not access to future observations. 

 
The embedding is passed to the 64 → 32 → 2 classification head to generate a 

single sequence-level probability of simulated SSRI-associated mood destabilisa-
tion. Prefix-based risk trajectories are therefore obtained by repeatedly applying 
this same classifier to progressively longer observed prefixes, rather than by at-
taching an independent prediction head to every visit. The architecture provides 
a coherent basis for the later saliency and prefix analyses, but its structural sophis-
tication should not be interpreted as evidence of superior discrimination: as 
shown in Table 1, the standalone TCN achieved lower test-set AUC than the lo-
gistic-regression and XGBoost baselines. 

4.4. ROC Curves 

Figure 4 presents ROC curves with 95% bootstrap confidence bands. Logistic re-
gression achieved the highest AUC (0.974), followed by the proposed ensemble 
(0.950), XGBoost (0.948), LSTM (0.915), and TCN (0.844). The near-identical per-
formance of the ensemble and XGBoost indicates that the temporal TCN compo-
nent added limited discrimination in this synthetic test set, although it supported 
visit-level attribution analyses. The ROC results therefore favour the simpler lo-
gistic-regression baseline for discrimination and do not establish a standalone TCN 
advantage. 

4.5. EHR Clinical Trajectory Heatmap 

Figure 5 presents the EHR trajectory heatmap of mean normalised feature values  
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Figure 4. ROC curves with 95% bootstrap confidence bands (400 resamples). AUC ranking: 
logistic regression 0.974, proposed ensemble 0.950, XGBoost 0.948, LSTM 0.915, and TCN 
0.844. Note: The figure does not support a claim that TCN outperforms the tabular base-
lines. 
 

 

Figure 5. EHR clinical trajectory heatmap. Mean normalised feature values per visit for destabilised (top, Reds colormap) and stable 
(bottom, Blues colormap) synthetic patients. Orange dashed line: simulated SSRI titration completion boundary. The displayed 
patterns include rising YMRS and declining mood-stabiliser level from approximately visit 4 and declining prescription fill ratio 
from approximately visit 5 in the destabilised group. Each cell is annotated with its mean normalised value. 
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per clinical visit for destabilised (top) and stable (bottom) synthetic patients. 
Three simulator-dependent patterns distinguish the groups. First, YMRS shows a 
progressive upward trend in destabilised trajectories from visit 4 onward while 
remaining comparatively flat in stable trajectories. Second, the mood-stabiliser 
level proxy declines in destabilised trajectories beginning around visits 3 - 4, con-
sistent with the adherence and dose-adjustment assumptions embedded in the 
simulator. Third, prescription fill ratio declines from approximately visit 5 in 
destabilised trajectories, reflecting the simulated treatment-engagement pat-
tern. These group-level patterns illustrate relationships encoded in the synthetic 
cohort and should not be interpreted as empirical clinical trajectories or causal 
mechanisms. 

4.6. SHAP Feature Importance 

Figure 6 presents XGBoost SHAP feature importance for the top 15 tabular pre-
dictors, colour-coded by aggregation type. Baseline clinical-history variables con-
tributed strongly: prior SSRI switch history had the largest mean absolute SHAP  
 

 

Figure 6. SHAP feature importance for the top 15 EHR-derived predictors. Blue bars: temporal mean features. Green bars: temporal 
variability features (SD). Red bars: temporal trend features (last 3 visits minus first 3 visits). Orange bars: baseline clinical meta-
features. Prior switch history, mixed-episode history, and episode rate show the largest mean absolute SHAP values, while temporal 
trend and variability features provide additional predictive information. 
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value, followed by mixed-episode history and episode rate. Temporal predictors 
also contributed, including anxiety-severity trend, mean HRV SDNN, YMRS var-
iability, prescription-fill-ratio trend, YMRS trend, mood-stabiliser-level varia-
bility, and side-effect-burden variability. The figure therefore indicates that the 
model relied on a combination of baseline vulnerability variables and longitudinal 
summary features rather than being dominated exclusively by temporal trend var-
iables. 

4.7. Bayesian Model Comparison 

Table 2 and Figure 7 present the reported BIC-, WAIC-, and Bayes-factor com-
parison. Under the stated effective-parameter assumptions, the ensemble has the 
lowest BIC (82.3). This parsimony-oriented result should not be described as su-
perior held-out discrimination: logistic regression has the highest test AUC and 
lowest Brier score in Table 1. The Bayesian information criteria and test-set pre-
dictive metrics answer different questions, and both are reported without conflat-
ing their rankings. 
 

Table 2. Bayesian model comparison: BIC, WAIC, and bayes factors. 

Model Log-Lik. k BIC WAIC log10(BF) Evidence 

Logistic regression −22.8 57 315.1 46.2 50.6 Decisive 

XGBoost −29.4 60 342.5 60.1 56.5 Decisive 

LSTM baseline −51.7 50 339.7 103.8 55.9 Decisive 

TCN (proposed) −53.6 35 272.7 108.9 41.4 Decisive 

Proposed ensemble (proposed) −31.7 4 82.3 63.9 0.0 (ref.) Reference 

k: stated effective parameter count. log10(BF): base-10 Bayes factor calculated relative to the proposed ensemble under the manu-
script assumptions. These model-fit summaries should be interpreted separately from held-out AUC and calibration. 

 

 

Figure 7. Model-fit and parsimony comparison. The proposed ensemble has the lowest reported BIC under the stated effective-
parameter assumptions. Note: This result is separate from held-out discrimination, for which logistic regression achieved the highest 
AUC. 
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4.8. Subgroup Analysis 

Table 3 presents exploratory subgroup performance for the proposed ensemble. 
The highest AUC was observed among simulated patients with prior SSRI switch 
history (0.988), followed by the BD-I subgroup (0.975), the high-genetic-risk sub-
group (0.962), and the low-IS subgroup (0.940). However, these estimates are 
based on small synthetic subgroups and characteristics generated by the simula-
tion process. Differences between subgroups may therefore reflect the simulator’s 
assumptions and should not be interpreted as evidence of biological homogeneity, 
genomic causality, circadian mechanisms, or differential real-world clinical pre-
dictability. 
 
Table 3. Subgroup analysis-proposed ensemble performance. 

Subgroup N AUC F1 Sensitivity 

Prior SSRI switch history 24 0.988 0.930 1.000 

No adequate mood stabiliser 43 0.922 0.842 0.762 

High genetic risk 
(>median) 

56 0.962 0.778 0.737 

Low IS score 
(circadian disruption) 

56 0.940 0.865 0.889 

Mixed episode history 19 0.864 0.783 0.818 

BD-I subtype 58 0.975 0.878 0.900 

High genetic risk: composite genetic risk score > test-set median. Low IS: IS score < median. 
All subgroup n ≥ 15. 

4.9. Temporal Saliency and Patient Risk Trajectory 

Figure 8 presents the TCN temporal analysis in two panels. Panel A shows gradi-
ent-based temporal saliency averaged over observed, pre-event visits for destabi-
lised and stable test cases. In the synthetic destabilised trajectories, saliency is 
highest at the initial visit, decreases across the early-middle visits, and then rises 
again around visits 7 - 10, with the later peak occurring around visits 8 - 9. Stable 
cases show a comparatively flatter profile. Because the data-generation process is 
synthetic and saliency is model-dependent, these patterns are exploratory hypoth-
eses rather than evidence for a specific clinical monitoring window. 

Panel B presents prefix-based risk trajectories for four representative synthetic 
patients. At each visit, the same sequence-level model was rerun using only the 
visits available up to that point; later visits were masked. The two destabilised ex-
amples show increasing predicted risk before their simulated event, while the two 
stable examples remain below the decision threshold. These plots illustrate how a 
causal prefix-evaluation workflow can update risk over time without allowing fu-
ture observations to influence earlier estimates. 
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Figure 8. TCN temporal analysis in the synthetic test set. (a): gradient saliency over observed pre-event visits, TCN temporal sali-
ency-which visits drive predictions. (b): prefix-based risk trajectories generated by rerunning the sequence-level classifier using only 
data available up to each visit. Visits at and after simulated event onset are excluded. Predicted risk trajectory - representative pa-
tientstcn risk score at each EHR visit; threshold shown as dashed line. 

5. Discussion 

The temporal analysis did not identify a single validated monitoring window. In-
stead, the TCN showed strong sensitivity to the initial observation and a later rise 
in sensitivity around visits 7 - 10 in the synthetic destabilised trajectories. This 
pattern suggests that the model used both baseline information and evolving pre-
event changes, but it may also directly reflect assumptions embedded in the syn-
thetic data-generation process. Saliency measures model sensitivity rather than 
causality, and the present findings cannot justify a clinical monitoring schedule. 
A clinically actionable schedule would require preregistered validation in real 
SSRI-exposed bipolar cohorts using strictly prospective landmarks and inde-
pendently adjudicated outcomes. 

The SHAP analysis indicates that baseline clinical-history variables, especially 
prior switch history, mixed-episode history, and episode rate, contributed more 
strongly than any single temporal trend feature. Temporal variables, including 
anxiety trend, prescription-fill-ratio trend, YMRS variability and trend, and mean 
HRV SDNN, also contributed to the model. The predictions therefore reflected a 
combination of predefined baseline vulnerability and longitudinal change rather 
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than exclusive dominance by trend features. Because the cohort is synthetic, these 
attributions describe the relationship between the simulator and the fitted model 
rather than validated clinical mechanisms. Methodological considerations con-
cerning imbalance handling, recurrent modelling, ROC comparison, ensemble 
methods, and prediction-model evaluation remain relevant to this interpretation 
[16]-[20]. 

Subgroup differences should be interpreted cautiously. Although the BD-I, 
prior-switch, high-genetic-risk, and low-IS subgroups showed high AUC esti-
mates, the analyses involved small synthetic groups whose characteristics and out-
come relationships were specified by the simulation process. The results therefore 
do not establish that BD-I is biologically more homogeneous or that genetic, ser-
otonergic, or circadian mechanisms caused the observed differences. Circadian 
and social-rhythm concepts remain clinically relevant background considera-
tions, but they were not validated by this synthetic analysis [21]. 

6. Limitations 

The EHR sequences are entirely synthetic and were generated under assump-
tions chosen by the authors; consequently, the reported discrimination, calibra-
tion, subgroup performance, SHAP importance, and saliency patterns may reflect 
the simulator as much as clinically generalisable structure. Because predictors and 
outcomes were produced by the same simulation framework, strong performance 
may represent recovery of relationships intentionally embedded in the data-gen-
eration process rather than real-world predictive validity. No hospital, registry, or 
external test cohort was used. Real-world EHR data contain missingness, irregular 
visit intervals, treatment changes, variable documentation, and diagnostic uncer-
tainty that are not fully represented here. The fixed 12-visit design may not match 
actual monitoring schedules. Event cases may also contain fewer observed visits 
because their sequences were censored before event onset, whereas stable cases 
may retain the full follow-up. Although masked pooling was used, the number or 
pattern of valid visits could itself carry outcome-related information; fixed-land-
mark prediction, matched censoring of stable cases, and a visit-count-only base-
line are needed to assess this potential source of leakage. Gradient saliency is a 
first-order attribution method and may be unstable, and subgroup estimates are 
exploratory and based on small synthetic samples. Finally, the information-crite-
rion analysis depends on effective-parameter assumptions and should not be in-
terpreted as evidence that the ensemble has better held-out discrimination than 
logistic regression [22]-[24]. 

6. Conclusion 

This proof-of-concept study compared longitudinal and tabular models for sim-
ulator-defined SSRI-associated mood destabilisation using an entirely synthetic 
cohort. The four-block TCN used dilations 1, 2, 4, and 8, two kernel-size-3 con-
volutions per block, and an effective receptive field of 61 visits; masked pooling 
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excluded event and post-event observations. On the held-out synthetic test set, 
logistic regression achieved the highest AUC (0.974), followed by the ensemble 
(0.950), XGBoost (0.948), LSTM (0.915), and TCN (0.844). The ensemble showed 
the highest estimated decision-curve net benefit across the reported threshold 
range, while the TCN provided a framework for sequential modelling and explor-
atory temporal attribution. The saliency analysis showed sensitivity to both the 
initial observation and later visits around 7 - 10 rather than establishing a defini-
tive clinical monitoring window. These results are hypothesis-generating only. 
The next priorities are release of the complete simulation specification, code, and 
random seed; fixed-landmark and sequence-length sensitivity analyses; prospec-
tive validation on independently collected real-world EHR sequences with pa-
tient-level splitting and event adjudication; explicit handling of irregular intervals 
and missingness; and comparison of gradient saliency with more robust sequence-
attribution methods.  
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