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Abstract

Antidepressant-induced hypomania in bipolar disorder (BD) is a clinically con-
sequential pharmacological safety event that may be preceded by changes in
patient and clinician language. This proof-of-concept simulation study evalu-
ates whether natural language processing (NLP) can recover such signals from
fully synthetic outpatient clinical notes and simulated hypomania labels; it does
not establish clinical validity. We generated one synthetic note for each of N
= 700 simulated antidepressant-exposed BD patients (hypomania prevalence
25.1%). A three-tier feature architecture encoded: i) 18 psycholinguistic and
syntactic features; ii) 30 latent semantic analysis components derived from
TF-IDF representations; and iii) 12 simulated clinical meta-features. A four-
layer multilayer perceptron, termed Clinical BERT-sim to distinguish it from
an actually fine-tuned ClinicalBERT model, was trained on the combined feature
matrix. An out-of-fold stacking ensemble fused ClinicalBERT-sim, LightGBM,
and Random Forest outputs. The proposed ensemble achieved AUC = 0.912 (95%
CI: 0.842 - 0.969), F1 = 0.708, sensitivity = 0.595, and specificity = 0.974 on the
held-out synthetic test set. SHAP analysis identified hypomanic term score,
word count, energy word score, physician concern score, and positive affect
ratio as the dominant simulated predictors. Longitudinal illustrative trajecto-
ries showed rising hypomanic term score and word count across simulated
weekly notes before simulated onset. These findings demonstrate technical fea-
sibility within the designed simulator, but performance may partly reflect the

DOI: 10.4236/0alib.1115676 Sep. 23, 2026 1

Open Access Library Journal


https://doi.org/10.4236/oalib.1115676
http://www.oalib.com/journal
https://orcid.org/0000-0001-9101-072X
https://orcid.org/0000-0002-5102-4999
https://doi.org/10.4236/oalib.1115676
http://creativecommons.org/licenses/by/4.0/

R. de Filippis, A. Al Foysal

rules used to generate notes and labels. Validation on independently annotated,
real outpatient BD notes is required before any clinical screening or workflow
use.

Subject Areas

Psychiatry & Psychology

Keywords

Natural Language Processing, Clinical Notes, Bipolar Disorder,
Antidepressant-Induced Hypomania, Psycholinguistics, TF-IDF, Latent
Semantic Analysis, SHAP, Linguistic Biomarkers, Digital Phenotyping, EHR

1. Introduction

Psychiatric clinical notes are among the richest and most systematically underuti-
lised data sources in mental health surveillance. In the outpatient management of
bipolar disorder with antidepressant exposure, clinicians generate free-text pro-
gress notes at every visit that contain not only structured observations (YMRS
scores, medication changes) but also nuanced language that reflects the patient’s
mental state in ways that structured rating scales cannot fully capture: the word
choice, sentence structure, and affect conveyed in how a patient describes their
week, their energy, their sleep, and their plans are direct signals of their phenom-
enological state [1].

The hypomanic prodrome in antidepressant-exposed BD patients is character-
ised by a predictable sequence of linguistic changes that begin before the clinical
threshold for formal hypomania is reached [2]. Patients speak and write with more
words, more energetic vocabulary, more positive affect language, and more fu-
ture-oriented statements. Physicians, sensitive to these changes, begin expressing
concern in their notes: the lexical field of clinical notes shifts from maintenance
language to monitoring language [3]. These changes are legible to a trained psy-
chiatrist who reads serial notes; the questions this paper addresses are whether
they are also detectable by NLP models trained on these notes, and whether they
are detectable early enough to be clinically actionable i.e., before the full hypo-
manic episode emerges.

The NLP evidence base for mental health applications has expanded with do-
main-specific language models, including BioBERT [4], ClinicalBERT [5], and
PsychBERT [6]. However, PsychBERT was developed for social-media mental-
health analysis rather than clinical notes, and the present study does not fine-tune
any BERT model. Instead, it uses an MLP on engineered linguistic, LSA, and clin-
ical features as a simulation proxy, labelled Clinical BERT-sim throughout to avoid
implying use of contextual ClinicalBERT embeddings.

We present five proof-of-concept contributions in a fully synthetic setting: i) a

simulation framework for studying antidepressant-induced hypomania signals in
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outpatient-style BD notes; ii) a three-tier feature architecture integrating psycho-
linguistic/syntactic features, LSA embeddings, and simulated clinical meta-features;
iii) comparison of a deep multilayer perceptron proxy with conventional text
and tree-based baselines; iv) four linguistic visualisations; and v) subgroup anal-
yses within the simulated cohort. These contributions concern methodological
feasibility and should not be interpreted as evidence of clinical prediction perfor-

mance.

2. Background and Related Work

2.1. Linguistic Markers of Hypomania and Mania

The relationship between language and affective state in bipolar disorder has been
documented since Kraepelin’s clinical descriptions of pressured speech and flight
of ideas as hallmarks of manic activation [7]. Quantitative linguistic analysis has
confirmed that hypomanic and manic states are associated with increased word
production, reduced lexical diversity (type-token ratio), elevated positive affect
word density, increased self-referential pronouns, and a higher proportion of fu-
ture-oriented language [8]. Automated speech analysis has detected hypomanic
language patterns with high sensitivity using prosodic features (speech rate, fun-
damental frequency variability) and lexical features (energy vocabulary, social lan-

guage) [9].

2.2. NLP of Clinical Notes in Psychiatry

Recent peer-reviewed literature supports the broader use of NLP in psychiatric
and clinical text, but not the specific real-world applications previously attributed
here. Reviews have mapped NLP applications across neuroscience and psychiatry
[10] and specifically within bipolar-disorder research [11]. A 2024 study evaluated
classification of unstructured EHR text by psychiatric diagnosis [12], while a 2025
bipolar-disorder pilot combined acoustic and natural-language markers for re-
mote symptom assessment [13]. Together, these studies support the feasibility of
psychiatric language analysis while also highlighting limited labelled data, domain

shift, and the need for external clinical validation.

2.3. Clinical Language Models

ClinicalBERT is a BERT model adapted to de-identified clinical notes, whereas
BioBERT was pretrained primarily on biomedical literature. PsychBERT was de-
veloped for mental-health language in social media. Recent reviews emphasise that
clinical NLP models require task-specific labelled data, transparent validation, and
careful treatment of bias and generalisability. Because no labelled corpus of anti-
depressant-induced hypomania notes was available for this study, we did not fine-
tune ClinicalBERT or PsychBERT; the term Clinical BERT-sim denotes only a mul-
tilayer perceptron operating on engineered and LSA features, not a transformer

language model.
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2.4. Psycholinguistic Feature Frameworks

The Linguistic Inquiry and Word Count (LIWC) framework [14] provides vali-
dated dictionaries for psycholinguistic categories including positive and negative
affect, social language, cognition, biological processes, and temporal orientation.
LIWC-derived features have shown strong performance in detecting mental health
conditions from text, including depression (r = 0.32 with BDI scores) and anxiety
(positive affect ratio inversely correlated with GAD-7) [15] [16]. Our feature ex-
traction framework is inspired by but not directly dependent on LIWC, deriving
analogous category scores from domain-specific hypomanic lexicons constructed

from clinical and empirical sources.

3. Methods
3.1. Dataset Design

This proof-of-concept study used a fully synthetic dataset of N = 700 simulated
outpatient BD patients receiving antidepressant-containing regimens (BD-I: 55%,
BD-II: 45%). Each simulated patient contributed one synthetic note at a 4-week
post-initiation review and one simulated binary label indicating hypomania emer-
gence during the subsequent 4 weeks. No real EHR text, patient identifiers, or
clinical outcomes were used [17] [18].

3.2. Synthetic Clinical Note Generation

Synthetic notes were generated with a controlled template-and-lexicon procedure.
Note length, sentence count, lexical diversity, and punctuation were sampled from
bounded distributions intended to resemble outpatient progress-note structure.
Hypomanic lexical pools covered energy, reduced sleep need, elevated mood, pres-
sured speech, goal-directed activity, future orientation, and grandiosity; stable/de-
pressive pools covered mood stability, adequate sleep, medication continuation,
and residual depressive symptoms. A latent simulated risk score combined BD
subtype, antidepressant-class risk, mood-stabiliser adequacy, baseline YMRS and
MADRS, interdaily stability, genetic-risk composite, prior antidepressant-associ-
ated hypomania, prior antidepressant trials, illness duration, age, and sex. The bi-
nary hypomania label was sampled from a logistic transformation of this risk score
with added stochastic noise, and note-generation probabilities were conditioned
on the same latent score. Subgroups were assigned directly from the correspond-
ing simulated meta-features. Consequently, linguistic markers and clinical meta-
features were not independent of label generation, and the resulting performance
may partly represent recovery of simulator rules rather than discovery of clinical
biomarkers. Physician concern language was sampled with a probability that in-
creased with latent risk, making it an intentionally informative but potentially ad-

vantaged feature.

3.3. Feature Architecture

Psycholinguistic and syntactic features (18) comprised hypomanic term score,
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positive and negative affect ratios, physician concern score, word count, sentence
count, mean and standard deviation of sentence length, type-token ratio, excla-
mation rate, first-person pronoun rate, future-orientation score, energy-word score,
sleep-word score, note length, number density, punctuation density, and upper-
case letter rate. LSA features (30) were derived from TF-IDF representations using
a maximum vocabulary of 500 terms, unigrams and bigrams, minimum document
frequency of 3, and truncated SVD. The 12 simulated clinical meta-features were
encoded as follows: BD subtype and sex as binary indicators; antidepressant-class
risk as a prespecified ordinal score; mood-stabiliser adequacy as a continuous 0 - 1
score combining therapeutic dose/level and adherence; baseline YMRS and MADRS
as continuous scale values at note generation; interdaily stability as a continuous 0 -
1 circadian-regularity index; genetic risk as a standardised synthetic polygenic/fam-
ily-history composite; prior antidepressant-associated hypomania as binary; ill-
ness duration, prior antidepressant trials, and age as continuous or count varia-

bles. These operational definitions apply only to the simulator.

3.4. Model Architecture

Five NLP models were evaluated. TF-IDF + LR used L2-regularised logistic re-
gression (C = 0.1) on TF-IDF unigrams and bigrams. Linguistic XGBoost used the
18 psycholinguistic/syntactic features only. ClinicalBERT-sim was a four-layer
multilayer perceptron (D -> 256 -> 128 -> 64 -> 2) trained on the combined engi-
neered linguistic, LSA, and simulated clinical feature matrix; despite its historical
name in the analysis code, it is not ClinicalBERT and does not use transformer
embeddings. Random Forest and LightGBM used the same combined feature
matrix. The proposed ensemble combined out-of-fold predictions from Clinical-
BERT-sim, LightGBM, and Random Forest through a logistic-regression meta-

learner.

3.5. Evaluation Framework

The 700 patient-level records were stratified by simulated outcome and split once
into training (n = 490; 70%), validation (n = 105; 15%), and test (n = 105; 15%) par-
titions using master random seed 42. Each patient contributed exactly one note, so
no patient or overlapping text window appeared in more than one partition. The
TF-IDF vocabulary, inverse-document-frequency weights, truncated-SVD pro-
jection, scaling parameters, lexicon-derived normalisation, model fitting, and out-
of-fold stacking were fitted using training data only. Hyperparameter and early-
stopping decisions used the validation set. The classification threshold of 0.53 was
selected on the validation set by maximising F1 and then locked before the test set
was evaluated. Evaluation included AUC, F1, sensitivity, specificity with 95%
bootstrap confidence intervals (1000 resamples), Brier score, decision-curve anal-
ysis, Bayesian model comparison, SHAP analysis for the linguistic XGBoost model,

TF-IDF coefficient analysis, and prespecified simulated subgroup analyses.
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3.6. Reproducibility

The hypomania lexicon was assembled from terms describing elevated or irritable
mood, increased energy, reduced need for sleep, pressured speech, flight of ideas,
goal-directed activity, future orientation, and grandiosity; stable-note terms rep-
resented euthymia, adequate sleep, medication continuation, and residual depres-
sion [19]. Generation parameters included target note-length ranges, sentence-
count ranges, class-conditional term-insertion probabilities, physician-concern
probabilities, label-noise probability, and the coefficients of the simulated risk
function. The master data-generation seed was 42, and model initialisation seeds
were 101, 202, and 303 for ensemble components. For publication, the authors
should deposit the exact generation script, lexicons, prompts/templates, configu-
ration file, and analysis code in a versioned repository; until these materials are
released, the study is not fully independently reproducible.

3.7. Ethics and Data Governance

No real patient notes, protected health information, or identifiable clinical records
were accessed or processed. All notes, meta-features, subgroup assignments, and
outcome labels were generated synthetically. On that basis, institutional review
board approval and informed consent were not required for this computational
simulation study. This statement should be confirmed against the authors’ insti-
tutional policies before submission. Any future study using real psychiatric notes
will require formal ethics review, data-processing agreements, secure access con-
trols, de-identification, and governance procedures appropriate to highly sensitive

mental-health information.

4. Results
4.1. Calibration and Clinical Utility

Figure 1 presents calibration curves in the synthetic test set. The proposed ensem-
ble achieved Brier score = 0.096, while LightGBM achieved the numerically lowest
Brier score (0.090). Figure 2 presents decision-curve analysis within the simulated
data. These analyses describe utility under the simulator assumptions only and do

not establish clinical benefit or justify changes to antidepressant treatment.

4.2. Discriminative Performance

Table 1 presents comparative performance on the held-out synthetic test set (n =
105). The proposed ensemble achieved AUC = 0.912 (95% CI: 0.842 - 0.969), F1
= 0.708, sensitivity = 0.595, and specificity = 0.974. LightGBM achieved a slightly
higher AUC (0.916) and F1 (0.720), whereas the ensemble had higher specificity.
Clinical BERT-sim achieved AUC = 0.907 versus TF-IDF + LR at 0.791. Because
Clinical BERT-sim is an MLP on engineered and LSA features rather than a fine-
tuned transformer, this comparison should not be interpreted as evidence that
contextual Clinical BERT representations outperform TF-IDF. All results are con-

ditional on synthetic note and label generation.
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Figure 1.
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Calibration curves for all six models. Brier scores: Proposed Ensemble 0.096, ClinBERT Sim.

0.107, LightGBM 0.090, Linguistic XGB 0.134, Random Forest 0.107, TF-IDF + LR 0.162. Perfect calibra-
tion = dashed diagonal.
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Figure 2. Decision curve analysis. Proposed Ensemble (dark bold) achieves highest net benefit across

threshold probabilities 0.20 - 0.50. High specificity profile limits false-positive antidepressant interrup-

tions in the stable majority.
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Table 1. Comparative model performance-test set (n = 105).

Model AUC F1 Sensitivity Specificity Brier

TF-IDF + LR 0.791 0.629 0.670 0.844 0.162
Linguistic XGBoost 0.796 0.666 0.632 0.911 0.134
ClinBERT Simulation 0.907 0.734 0.629 0.974 0.107
Random Forest 0.890 0.708 0.595 0.974 0.107
LightGBM 0.916 0.720 0.672 0.936 0.090

Proposed Ensemble (proposed) 0.912 0.708 0.595 0.974 0.096

95% bootstrap CI (1000 resamples): AUC [0.842 - 0.969], F1 [0.545 - 0.847], Sens [0.400 - 0.778], Spec [0.934 - 1.000]. Threshold =
0.53, selected on the validation set by maximising F1 and locked before test evaluation. ClinBERT Sim = four-layer MLP on engi-
neered linguistic, LSA, and simulated clinical features; it is not a fine-tuned Clinical BERT model.

4.3. Linguistic Marker Bubble Chart

Figure 3 presents the linguistic marker bubble chart, plotting each psycholinguis-
tic feature’s mean value in hypomanic notes (x-axis) against its SHAP predictive
importance (y-axis), with bubble size encoding signed SHAP magnitude and
colour encoding risk direction. Three features occupy the high-prevalence, high-
SHAP quadrant: hypomanic term score (most prevalent in hypomanic notes and

highest SHAP contributor), energy word score (elevated in hypomanic notes,

0.9 1

0.8 1

0.7 1

0.6

0.5 A

Mean |SHAP| importance for hypomania prediction

0.4 Sleeny
CDMYO

Positive .J 5 I.aii_cal
affect ratio diversiz: (TTR)
e @

0.3 1 . t ore
. B Risk-increasing linguistic marker
Il Risk-reducing linguistic marker
-0.75 -0.50 -0.25 0.00 0.25 0.50 0.75 1.00

Mean feature value in hypomanic notes (standardised)

Figure 3. Linguistic marker bubble chart. x-axis: mean feature value in hypomanic notes (standardised). y-axis: mean |[SHAP| im-
portance. Bubble size: signed SHAP magnitude. Red: risk-increasing features. Blue: risk-reducing features. Hypomanic term score,
energy word score, and physician concern score occupy the high-prevalence/high-SHAP quadrant.
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0.6

0.4 1

True Positive Rate

0.2 1

0.0 1

strong positive SHAP), and physician concern score (most discriminating note-
level feature clinicians explicitly expressing monitoring language are effectively
pre-annotating risk). The type-token ratio (lexical diversity) occupies a distinctive
position: it has moderate SHAP importance in the protective direction, consistent
with the established finding that hypomanic speech reduces lexical diversity de-
spite increasing word count the model is detecting not just content but structural

speech characteristics.

4.4.ROC Curves

Figure 4 presents ROC curves with 95% bootstrap confidence bands. Clinical-
BERT-sim achieved AUC = 0.907 and TF-IDF + LR achieved AUC = 0.791 (dif-
ference 0.116) in this synthetic dataset. The difference reflects the combined en-
gineered, LSA, and simulated clinical inputs available to Clinical BERT-sim, not a
direct comparison between an actual transformer language model and TF-IDF.
LightGBM achieved the highest point-estimate AUC (0.916), followed by the en-
semble (0.912).

TF-IDF + LR (AUC = 0.791)
Linguistic XGBoost (AUC = 0.796)
ClinBERT Simulation (AUC = 0.907)
Random Forest (AUC = 0.890)
LightGBM (AUC = 0.916)

Proposed Ensemble (AUC = 0.912)

0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 4. ROC curves with 95% bootstrap CI bands (400 resamples) in the synthetic test set. ClinicalBERT-sim (AUC
=0.907) uses an MLP on engineered, LSA, and simulated clinical features; it is not a fine-tuned Clinical BERT model.
LightGBM achieved AUC = 0.916 and the proposed ensemble AUC = 0.912.
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4.5. SHAP Signed Comparison: Hypomanic vs Stable Notes

Figure 5 presents the signed SHAP dual comparison the primary novel visualisa-
tion of this paper’s linguistic analysis. The left panel shows the top 12 linguistic
predictors in notes that preceded hypomania, with their signed mean SHAP con-
tributions; the right panel shows the same features in notes from stable patients.
The divergence between panels reveals not just which features are important but
why they differ between groups. In hypomanic notes, word count and hypomanic
term score carry strong positive SHAP contributions (the model is detecting the
verbose, energy-laden language of the hypomanic prodrome). The physician con-
cern score shows a particularly large positive contribution in hypomanic notes
and near-zero in stable notes confirming that the prescribing clinician’s own lin-
guistic alarm signal is the most reliable single marker of emerging hypomania. In
stable notes, the note length and pos_affect_ratio are flat or mildly negative, con-
sistent with stable or mildly improving depression producing measured, low-af-

fect clinical documentation.

Notes Preceding Hypomania Notes from Stable Patients
(n=27) (n=78)
Number Density - Number Density
Hypo Term -0.186 Hypo Term
Energy Word Energy Word -
Neg AffecP217 Neg Affect q
Pos Affect Pos Affect -
Type Token{ -0.128 Type Token
Concern { -0.141 Concern 4
Sleep Word Sleep Word -
Upper 4 -0.160 Upper -
Punct Density Punct Density
Sent Len Var - Sent Len Var -
Mean Sent Len A Mean Sent Ler0636
—0.2 0.0 02 0.4 06 08 10 ~06 ~05 —0.4 ~03 —0.2 —0.1 0.0
Mean signed SHAP - hypomania risk Mean signed SHAP - hypomania risk

Figure 5. Signed SHAP dual comparison—Ilinguistic features in hypomanic (left) vs stable (right) clinical notes. Positive (red) bars
increase hypomania risk prediction; negative (blue) reduce it. Key divergences: hypomanic notes show large positive word count
and hypomanic term SHAP; physician concern score is the highest positive contributor in hypomanic notes and near-zero in stable
notes. Stable notes show uniformly low, flat SHAP magnitudes.

4.6. Longitudinal Linguistic Trajectory

Figure 6 presents the longitudinal note trajectory simulated weekly clinical note
feature evolution for two hypomanic patients (top panel) and two stable patients
(bottom panel). In hypomanic patients, word count, hypomanic term score, pos-
itive affect ratio, and physician concern score all show monotonically rising tra-
jectories across 4 - 5 weeks, with the rate of rise accelerating in weeks 3 - 4 before
the clinical hypomania threshold is reached. The physician concern score, nota-

bly, begins rising at week 3 - 4 after the other linguistic features but before formal
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clinical diagnosis suggesting that prescriber intuition is activated by the accumu-
lating linguistic signal approximately one week before the patient crosses the for-
mal YMRS threshold. In stable patients, all four features remain flat and low-var-

iance throughout the 6-week monitoring window, with no directional trend.

Hypomanic Patients — Rising Linguistic Risk Signature Across Visits

0.8 | =@= Word count (norm)
=i~ Hypomanic term score Hypomania
0.7 4 == Positive affect ratio =
° -@- Physician concern score
2 0.6+
>
[
5 0.5
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)
&
B A ————
o -
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© 0.3
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2 0.2
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o Stable Patients — Flat Linguistic Profile Across Visits
. —— -
_______ A A e o o o S e ————
0.40 1 e———== e e ae— A
——————— - ——— e —————
______ e ———— ———————— e —————
© 0.351 O e
3 —o— !
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Clinical visit week

Figure 6. Longitudinal linguistic feature trajectories. Top panel: two hypomanic patients showing rising word count (blue), hypo-
manic term score (red), positive affect ratio (green), and physician concern score (orange) across weekly visits. Vertical dotted lines:
hypomania clinical onset (week 4 and 5). Bottom panel: two stable patients showing flat, low-variance profiles across all 6 weeks.

4.7. Bayesian Model Comparison

Table 2 and Figure 7 present the Bayesian comparison. The proposed ensemble
achieved BIC = 90.3, the lowest of all models. All competitors exceeded the deci-
sive evidence threshold (logioBF > 2) in favour of the ensemble. The BF compari-
son against ClinBERT simulation (logiBF = 44.9) confirms that the meta-
learner’s fusion of ClinBERT, LightGBM, and RF outputs adds decisive model-
theoretic value beyond any single component, despite ClinBERT simulation al-

ready achieving near-ensemble AUC as a standalone model.

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

Model Log-Lik. k BIC WAIC logi(BF) Evidence
TF-IDF + LR -77.1 30 293.8 160.9 44.2 Decisive
Linguistic XGBoost -53.0 40 292.2 107.6 43.8 Decisive
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Continued
ClinBERT Simulation -43.8 45 297.0 88.7 44.9 Decisive
Random Forest -39.5 40 265.2 79.6 38.0 Decisive
LightGBM -34.0 60 347.3 69.1 55.8 Decisive
Proposed Ensemble (proposed) -35.9 4 90.3 72.6 0.0 (ref.) Reference

k: parameter count. log;o(BF): Bayes Factor in favour of Proposed Ensemble. Decisive: logio(BF) > 2.

Bayesian Information Criterion logio Bayes Factor Evidence

—== Decisive (logio BF > 2) 10756
--- Strong

347.3

350 1 50

300
40 4

N
a
o

30 4

N
=3
o

BIC (lower = better)
G
o

20 -

log10(BF vs Proposed Ensemble)

=
o
=)

104
50 4
e e

TF-IDF Linguistic ClinBE Random LightGBM Proposed TF-IDF Linguistic ClinBERT Random LightGBM Proposed
+ XGBoost Sim. Forest Ensemble + XGBoost Sim. Forest Ensemble
LR LR

Figure 7. Bayesian model comparison. Left: BIC values (Proposed Ensemble = 90.3, lowest). Right: logio Bayes Factor evidence; all
competitors exceed the decisive threshold (logi0BF > 2).

4.8. Subgroup Analysis

Table 3 presents subgroup performance. The elevated baseline YMRS subgroup
(YMRS > 6 at antidepressant initiation) achieved the highest subgroup AUC
(0.981), consistent with subthreshold manic activation at baseline making the
transition to hypomania more linguistically stereotyped and therefore more pre-
dictable. High-risk antidepressant class patients achieved AUC = 0.892, confirm-
ing that pharmacological class risk amplifies the linguistic signal in ways the
model detects. Prior hypomania history patients showed moderate AUC (0.695),
reflecting the complex interaction between prior experience and current linguistic

expression.

Table 3. Subgroup analysis-proposed ensemble performance.

Subgroup N AUC F1 Sensitivity
Prior antidepressant hypomania 24 0.695 0.865 0.842
BD-I subtype 56 0.832 0.621 0.500
No adequate mood stabiliser 44 0.845 0.609 0.500
High-risk AD class 23 0.892 0.500 0.333
Elevated baseline YMRS (>6) 30 0.981 0.737 0.583

Elevated baseline YMRS: YMRS > 6 at antidepressant initiation. High-risk AD class: pharmacological risk index > 0.28. All subgroup
n =12,
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4.9. Discriminative Terms Analysis

Figure 8 presents the top 15 discriminative n-grams from the TF-IDF + LR model,
shown as diverging horizontal bars (hypomanic terms left, stable/depressive terms
right). The hypomanic term list reflects the hypomanic prodrome lexicon: energy
vocabulary, elevated mood descriptors, reduced sleep language, and physician ac-
tivation language. The stable/depressive term list reflects maintenance psychiatry
language: stable mood descriptors, adequate sleep, continuing medication, and
mild residual depressive terms. The term-level analysis provides the most directly
interpretable NLP output for clinical deployment: specific words and bigrams that

should trigger heightened monitoring when identified in a clinical note.

Hypomanic Note Terms
(highest TF-IDF coefficients)

“"maintained on"
“reports feeling"
“patient no"
“reveals no"
“low energy"
“"sertraline bd"
"limits at"
"states feeling"
"states sleep"
"identified ymrs"
"tired currently"
“patient sleep"
"describes no"
"well patient"

"notes still"

0.245

0.245

0.258

0.262

0.263

0.265

0.273

0.286

0.308

0.310

0.330

0.348

0.350

0.375

0.3 0.4

|TF-IDF weight|

"notes reduced"

“identified at"

"overall no"

"notes euthymic"

“patient sleeping”

“sleep no"

“tired patient"

"regular no"

"notes feeling"

"mood patient"

"adequate no"

"issues no"

“changes no"

"maintained assessment"

"improve currently"

Stable/Depressive Note Terms
(lowest TF-IDF coefficients)

0.265

0.271

0.279

0.287

0.313

0.326

0.327

0.328

0.328

0.339

0.339

0.339

0.340

0.340

0.340

0.00

0.05

0.10

0.15 0.20
|TF-IDF weight|

0.25

0.30

0.35

Figure 8. Discriminative clinical note terms. Left panel: top 15 hypomanic-associated n-grams (highest TF-IDF + LR positive coef-

ficients). Right panel: top 15 stable/depressive-associated n-grams (most negative coefficients). Bar length = coefficient magnitude.
Terms directly reflect the clinical hypomanic prodrome lexicon and stable maintenance psychiatry language.

5. Discussion

Within the designed simulation, the physician concern score was among the most
discriminating linguistic features. This result is expected in part because physician
concern language was generated with a probability linked to the same latent risk
score used in label simulation. It therefore demonstrates that the pipeline can re-
cover an intentionally embedded signal, not that physician concern language is
independently validated as an early biomarker in real outpatient notes. Real clini-
cians differ substantially in documentation style, and concern language may also
encode awareness of symptoms already evident at the visit [20] [21].

The illustrative longitudinal trajectories show patient-language features rising
before simulated physician-concern language. These trajectories were generated
from prespecified temporal rules and were not independently observed in pa-

tients. They should be interpreted as a hypothesis-generating demonstration of
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how serial-note NLP could be evaluated in a future longitudinal cohort, rather
than evidence that a one- to two-week linguistic lead time exists clinically.

The high specificity and modest sensitivity describe one validation-selected op-
erating point in the synthetic test set. They do not establish an acceptable clinical
alert threshold, and they should not be used to justify antidepressant interruption.
In a real deployment study, thresholds would need prespecification, external cal-
ibration, prospective evaluation, and assessment of false-alert consequences.

Limitations. This is a proof-of-concept simulation using fully synthetic notes
and simulated labels. The same latent risk process influenced clinical meta-fea-
tures, label assignment, hypomanic lexical content, and physician concern lan-
guage, creating a substantial risk of simulation-induced performance advantage
and circularity. Real outpatient psychiatric notes vary across clinicians, institu-
tions, languages, templates, and documentation practices and contain missing,
copied, ambiguous, and temporally misaligned information. The ClinicalBERT-
sim model is not Clinical BERT and cannot support claims about transformer con-
textual representations. The subgroup findings derive from simulated assign-
ments and small test subsets. The Bayesian comparison is sensitive to the chosen
effective-parameter assumptions. External validation on independently annotated
real notes, preferably across institutions, is essential before clinical interpretation.
Recent clinical and bipolar NLP literature also emphasises privacy, fairness, re-

producibility, and domain-generalisation challenges [22]-[25].

6. Conclusion

This proof-of-concept simulation study shows that an NLP pipeline combining
engineered linguistic features, LSA representations, simulated clinical meta-fea-
tures, and ensemble learning can recover antidepressant-associated hypomania
signals intentionally embedded in synthetic outpatient-style notes. In the held-out
synthetic test set, the ensemble achieved AUC = 0.912, although LightGBM achieved
a slightly higher point-estimate AUC of 0.916. The analysis identifies candidate
feature families and visualisation strategies for future study, but it does not vali-
date physician concern language, hypomanic vocabulary, or any alert threshold as
clinical biomarkers. The next steps are to release the complete simulator and anal-
ysis code; construct a securely governed, clinician-annotated corpus of real longi-
tudinal BD notes; prespecify outcome timing and leakage controls; evaluate mod-
ern clinical language models against matched baselines; and perform external and

prospective validation before considering EHR integration.
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