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Abstract

Bipolar disorder is a severe psychiatric condition characterized by mood insta-
bility, and a specific subtype known as rapid cycling presents with frequent
mood episodes, complicating diagnosis and treatment. Accurate identification
of rapid cycling is critical for early intervention and personalized care strate-
gies. This study explores the feasibility of using Transformer-based deep learn-
ing models to predict rapid cycling in bipolar disorder through an integrative
analysis of synthetic multimodal data. A simulated dataset comprising 200 vir-
tual patients was created to reflect 30 consecutive days of behavioural and clin-
ical signals, including mood ratings, sleep duration, physical activity, and phar-
macological dosage (lithium), combined with static features such as age, sex,
body mass index (BMI), baseline mood score, and medication status. Seven
comprehensive visualizations were developed to examine temporal trends, dis-
tributional properties, and correlations among features. The results show clear
separability in mood dynamics between stable and rapid cycling patients, with
mood variance emerging as a highly discriminative marker. While physical ac-
tivity and dosage patterns reflected structured behaviours suitable for model-
ling, sleep and sex-related variables showed less predictive utility. The mood
trajectory and variability plots particularly justified the selection of attention-
based architectures like Transformers, which are adept at capturing long-range
temporal dependencies. This research provides a foundational pipeline that
simulates real-world longitudinal data and prepares it for Transformer model
implementation. While the dataset is synthetic, the methodology replicates re-
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alistic digital phenotyping workflows. The study underscores the value of com-
bining behavioural dynamics and pharmacological history within AI frame-
works to support next-generation mental health diagnostics and personalized
treatment planning in bipolar disorder.
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1. Introduction

Bipolar disorder (BD) is a chronic and often disabling psychiatric illness charac-
terized by alternating episodes of mania, hypomania, and depression [1]-[4].
Among its subtypes, rapid cycling bipolar disorder (RCBD) represents a particu-
larly severe form, defined by four or more mood episodes within a year [5]-[8].
Rapid cycling is associated with greater functional impairment, increased hospi-
talization risk, and reduced treatment responsiveness [9]-[11]. Despite its clinical
importance, predicting the onset or course of rapid cycling remains an open chal-
lenge in psychiatry, due in part to its complex and dynamic presentation [12]-
[15].

The emergence of digital phenotyping—the real-time, high-frequency collec-
tion of behavioural and physiological data from smartphones, wearables, and eco-
logical momentary assessments—offers new opportunities for understanding
temporal mood dynamics in bipolar disorder [16]-[19]. When combined with
pharmacological profiles and static patient information, these data can reveal sub-
tle patterns that precede mood transitions [20] [21]. However, leveraging such
heterogeneous and time-dependent data for predictive modelling demands ad-
vanced machine learning approaches capable of capturing temporal relationships,
context, and variability [22]-[24]. Transformer architectures, originally developed
for natural language processing, have demonstrated remarkable performance in
modelling sequential data due to their attention mechanism, which enables them
to weigh the importance of different time steps [25]-[28]. This property makes
them particularly suitable for mental health applications involving irregular, mul-
timodal, and longitudinal data [29]-[31]. Despite their potential, few studies have
applied Transformer models to psychiatric disorders, and none have specifically
addressed rapid cycling [32]-[35]. This study presents a simulation-driven ap-
proach to explore the feasibility of using transformer-based models to predict
rapid cycling. By generating a synthetic yet realistic dataset that integrates behav-

ioural sequences (mood, sleep, activity), medication patterns, and demographic
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features, we aim to construct a comprehensive modelling framework. Our work
emphasizes the utility of Transformer-compatible data structuring and the role of
temporal visualization in understanding key predictive signals for rapid cycling in
bipolar disorder. This study does not aim to train or evaluate a full predictive
model but rather focuses on creating a simulation framework and identifying dis-
criminative signals to support future Transformer-based classification of rapid cy-
cling. The work remains exploratory and emphasizes dataset generation, analysis,

and Transformer compatibility.

2. Literature Review

The prediction and diagnosis of psychiatric disorders, particularly bipolar disor-
der, have long posed challenges due to the subjective nature of symptoms, episodic
patterns, and the influence of environmental, genetic, and pharmacological fac-
tors [36]-[39]. Rapid cycling, a more volatile and treatment-resistant subtype of
bipolar disorder, introduces additional complexity due to its high frequency of
mood shifts, which traditional clinical assessments often fail to detect early or ac-
curately [40]-[43]. Conventional approaches to monitoring bipolar disorder typ-
ically rely on infrequent self-reports, clinician observations, and retrospective as-
sessments [44]-[47]. These methods are limited in their ability to capture dynamic
mood changes in real time [48] [49]. The emergence of digital phenotyping has
reshaped this landscape by enabling continuous, passive collection of behavioural
data, such as sleep duration, activity levels, social interactions, and self-reported
mood via mobile or wearable devices. These data streams offer a more granular
and objective view of a patient’s daily life, thus providing new opportunities for
early detection of instability and treatment optimization. Machine learning has
been increasingly adopted in mental health research to uncover patterns in high-
dimensional clinical data [50] [51]. Traditional models like logistic regression,
support vector machines, and decision trees have been applied to classify mood
states or predict treatment response [52] [53]. However, these models struggle
with temporal dependencies and often require extensive feature engineering.
Deep learning models, particularly recurrent architectures such as LSTMs and
GRUs, have shown promise in modelling sequential behavioural data. However,
these models have limitations in handling long-term dependencies and paralleliz-
ing computation. Transformer architectures, known for their self-attention mech-
anisms, address these limitations by enabling the model to attend to all time steps
simultaneously and adaptively weight their relevance. This makes them particu-
larly well-suited for irregular, multivariate, and temporally rich health data [54]-
[56]. Despite their advantages, the application of Transformer models in psychia-
try remains limited. There is a clear research gap in deploying such models to
understand mood dynamics and predict complex clinical patterns like rapid cy-
cling. Moreover, integrating pharmacological information with behavioural se-
quences has not been extensively explored, although it holds significant potential

for precision psychiatry [57]-[60]. This study positions itself at the intersection of

DOI: 10.4236/0alib.1113960

3 Open Access Library Journal


https://doi.org/10.4236/oalib.1113960

R. de Filippis, A. Al Foysal

digital health, sequence modelling, and psychiatric prediction. It aims to address
current gaps by simulating a multimodal, temporally structured dataset and ap-
plying Transformer-compatible techniques to analyse early indicators of rapid cy-
cling. The research not only investigates model feasibility but also contributes a

structured framework for future work on real-world datasets.

3. Methods

3.1. Dataset Simulation

To emulate a real-world psychiatric monitoring environment, we constructed a
fully synthetic dataset representing 200 virtual patients observed continuously
over a 30-day period. This simulation was designed to reflect the types of data
typically collected in digital phenotyping studies, combining both temporal (dy-
namic) behavioural signals and static clinical attributes. The dataset incorporates
two primary feature groups: temporal features, which vary across the 30-day se-
quence, and static features, which remain constant for everyone. The temporal
features include four daily measurements: mood score, sleep duration, physical
activity level, and medication dosage. Mood scores were generated using a cumu-
lative Gaussian noise process to mimic real-world mood fluctuations commonly
seen in bipolar disorder, particularly in patients experiencing rapid cycling. This
approach simulates the inherent volatility in emotional states, which is essential
for building and testing time-sensitive predictive models. Sleep duration was
modelled for each day using a normal distribution cantered around the average
adult sleep duration, but with individual variance to account for biological and
lifestyle differences. Similarly, daily physical activity was simulated as fluctuating
values around a patient-specific baseline, representing typical movement patterns
influenced by mood state, medication, and circadian rhythms. Finally, medication
dose was treated as a categorical variable, randomly assigned from clinically rele-
vant lithium treatment values of 0 mg (no treatment), 300 mg (standard mainte-
nance dose), and 600 mg (higher intensity dose), which reflect varying levels of
pharmacological intervention.

The static features consist of five demographic and clinical variables: age, sex,
body mass index (BMI), baseline mood score, and a binary indicator representing
whether the patient was prescribed lithium. These features were included to mir-
ror commonly collected metadata in psychiatric research and clinical trials,
providing a context for interpreting time-varying behaviour. To label the patients
for classification, we computed the variance of everyone’s mood scores over the
30-day period. A variance threshold of 1.2 was selected to differentiate stable from
unstable mood patterns. The threshold of 1.2 for mood variance was chosen after
exploratory data analysis revealed a natural separation in the distribution of mood
fluctuations (see Figure 1). This threshold approximates a 75th percentile cutoff
and aligns with previous work identifying increased emotional volatility as a clin-
ical indicator of instability. A sensitivity analysis with thresholds between 1.0 and

1.4 confirmed the robustness of 1.2 as a discriminative point. Patients with mood
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Count

variance exceeding this threshold were categorized as “rapid cycling,” while those
with lower variance were labelled as “stable.” This method aligns with clinical in-
terpretations of emotional volatility and provides a supervised learning setup for
binary classification. The result is a temporally structured, multimodal dataset
with a clinically meaningful label that can be used to train and evaluate machine
learning models, particularly those capable of handling sequence data, such as

Transformer architectures.
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Figure 1. Mood variability histogram (Mood variability distribution: Histogram of patient-level mood var-
iance across 30 days. The red line marks the 1.2 variance threshold used to label rapid cycling).

3.2 Visual Analytics

To understand the structure and variability of the dataset, we generated seven tar-
geted visualizations, each revealing unique insights into patient behaviour and
model-relevant patterns.

This histogram (Figure 1) illustrates the distribution of mood variance across
all 200 patients. Most patients fall below the 1.2 threshold, but a distinct subset
exceeds it, reflecting increased emotional fluctuation. The red vertical line marks
the cutoff used to label patients with rapid cycling. This visualization confirms
that the threshold captures a naturally separable group based on mood dynamics.

This plot (Figure 2) displays the daily mood trajectories averaged across both
classes (stable vs. rapid cycling). The rapid cycling group (Class 1) exhibits larger
fluctuations and a broader confidence interval (shaded area), indicating higher
day-to-day instability. In contrast, the stable group maintains a more consistent
trajectory with lower variance. This difference validates mood time-series as a

strong temporal predictor.
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Average Mood Curve by Class (0 = Stable, 1 = Rapid Cycling)
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Figure 2. Average mood curve by class.
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Figure 3. Sleep duration boxplot.

This boxplot in (Figure 3) compares average sleep duration between the two
classes. Both groups show similar median sleep hours (~7 hours), but the spread
and outliers vary slightly. Although differences are subtle, this feature could still
contribute as a secondary signal when combined with mood or medication data.

This bar chart in (Figure 4) reveals the frequency of each lithium dosage level
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(0 mg, 300 mg, 600 mg) across all patients and days. The relatively balanced use
of all three categories supports the representativeness of the simulation. It also
introduces structured pharmacological variation, which is critical for evaluating

treatment response patterns.

Distribution of Medication Dosage
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Figure 4. Medication dose distribution.
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Figure 5. Correlation heatmap of static features.

The heatmap (Figure 5) shows the Pearson correlations among the five static
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features. Correlations are low across the board, suggesting that no variables are
collinear or redundant. This independence strengthens the reliability of multivar-
iate analysis and justifies the inclusion of all static features in downstream model-

ling.
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Figure 6. Physical activity trend over time.

Baseline Mood Distribution by Sex
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Figure 7. Baseline mood by gender.
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This line plot in (Figure 6) shows the mean activity level per day across all pa-
tients, with a shaded band representing the standard deviation. The activity level
remains relatively consistent over 30 days, but moderate fluctuations are present.
This stability suggests that activity may be useful for detecting subtle behavioural
shifts, especially when aligned with mood episodes or dosage changes.

This boxplot in (Figure 7) visualizes baseline mood scores across sex categories
(0 = female, 1 = male). The distributions overlap substantially, indicating that sex
may not be a strong predictor of baseline mood in this cohort. However, sex re-
mains a necessary demographic factor and may interact with other features in
non-obvious ways. Overall, this multi-layered visual analysis lays the groundwork
for an interpretable Transformer-based model. By uncovering the temporal, be-
havioural, and pharmacological structure of the data, each visualization informs
both the feature design, and the architecture required to learn meaningful repre-

sentations of rapid cycling risk.

3.3. Intended Model Architecture

Although model training is left for future work, we outline a proposed Trans-
former-based classification setup. The input would consist of multivariate time-
series sequences (30 x 4 matrices per patient: mood, sleep, activity, and medica-
tion), optionally augmented with static demographic features. These sequences
will be encoded using a positional embedding scheme to preserve temporal order,
followed by a stack of Transformer encoder blocks. Static features (e.g., age, BMI,
sex) will be integrated via late fusion—concatenated with the Transformer’s final
hidden state before the classification head. The model uses binary cross-entropy
loss for optimization and evaluated using accuracy, F1-score, and AUC. The ar-
chitecture is designed to highlight temporal dependencies, especially fluctuations

in mood, and to support interpretability through attention weights.

4. Results

The synthetic dataset revealed several key behavioural and clinical distinctions
between stable patients and those labelled as experiencing rapid cycling. These
differences were visualized across seven dedicated figures, each targeting a specific
aspect of the data’s structure and variability. The results confirm that the simu-
lated data appropriately capture meaningful patterns consistent with psychiatric
phenomena and support the suitability of Transformer-based modelling for
downstream prediction tasks.

Mood variability emerged as the most prominent discriminative feature. As
shown in Figure 1, the distribution of mood variance was right-skewed, with a
clear subset of patients exceeding the 1.2 variance threshold. This validated the
decision to use mood instability as the primary criterion for classifying rapid cy-
cling [61]-[63]. The separation between high-variance and low-variance patients
confirms that mood fluctuations were successfully modelled and that the thresh-

old effectively delineated clinically relevant mood instability. Figure 2 further
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strengthened this observation by displaying the average daily mood trajectories
for each class. The rapid cycling group exhibited pronounced volatility across the
30-day period, with greater standard deviation around the mean mood values. In
contrast, the stable group maintained a consistent emotional profile, underscoring
mood trajectory as a strong temporal marker for classification. In terms of sleep
behaviour, Figure 3 showed that both classes had similar average sleep durations,
though the rapid cycling group presented slightly more variability. This suggests
that while sleep duration alone may not serve as a strong standalone predictor, it
could enhance model performance when combined with mood and medication
data.

The distribution of medication dosage, visualized in Figure 4, confirmed real-
istic prescription patterns. The near-uniform representation of 0 mg, 300 mg, and
600 mg dosages indicates that the dataset includes pharmacological diversity es-
sential for treatment-response modelling. Figure 5, the correlation heatmap of
static features, revealed low multicollinearity among age, sex, BMI, baseline mood,
and lithium use. This ensures that no redundant variables distort the modelling
process and that each static feature can contribute uniquely to prediction. The
physical activity trend, illustrated in Figure 6, remained relatively stable over time,
though some fluctuations were observed. While not highly class-discriminative
on its own, consistent behavioural activity patterns may support temporal context
understanding in sequence models.

Lastly, Figure 7 showed baseline mood distributions by sex. The minimal dif-
ference between male and female participants suggests that sex may not directly
influence baseline mood, though it remains valuable as a demographic stratified
in larger or real-world studies. Overall, these results confirm that the synthetic
dataset encapsulates realistic temporal dynamics and inter-individual variability.
The mood-related signals stand out as the most predictive features for distinguish-
ing rapid cycling, justifying their central role in Transformer-based sequence
learning. The visual insights lay the foundation for building interpretable and clin-

ically meaningful predictive models in future work.

5. Discussion

The findings from this study underscore the potential of using Transformer-based
models for predicting rapid cycling in bipolar disorder through integrative tem-
poral-behavioural analysis. By simulating a realistic dataset that mimics the tem-
poral and clinical complexity of real-world psychiatric monitoring, we demon-
strate that mood variability, particularly when modelled over a 30-day window,
can act as a strong predictor of emotional instability—a key feature of rapid cy-
cling. The most striking pattern observed was the difference in mood dynamics
between the two patient classes. Patients with rapid cycling displayed greater
mood variance and less stable trajectories, as evident in both the mood variance
histogram and the averaged mood curves over time. These observations validate

the labelling strategy and further highlight mood time-series as a high-signal input
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for sequential learning models like Transformers, which are explicitly designed to
capture long-range dependencies and time-sensitive fluctuations. Sleep duration
and activity patterns offered modest class-level distinctions. While not as discrim-
inative as mood, these features provide contextual behavioural cues that may en-
hance model performance when used in conjunction with mood signals. For ex-
ample, reductions in sleep or activity might precede mood shifts, suggesting their
utility in early warning systems. However, the relatively small between-class dif-
ferences suggest that these signals should be weighted adaptively rather than
treated as primary indicators. The medication dosage distribution added pharma-
cological realism to the dataset. The inclusion of structured dosage patterns sim-
ulates therapeutic decision-making and allows future models to examine interac-
tions between medication levels and mood outcomes. In real-world settings, this
could help predict differential treatment responses or adherence-related effects
[64] [65]. Interestingly, static features such as age, BMI, and sex showed minimal
predictive separation across classes, as confirmed by the correlation heatmap and
sex-based mood boxplot. However, these variables remain essential for ensuring
demographic diversity, stratified modelling, and personalized outcome interpre-
tation. This simulation framework also emphasizes explainability and modularity.
The clear temporal segmentation of patient data and the interpretable feature set
make it suitable for visual inspection, feature attribution (e.g., via attention
weights), and integration with real-world digital phenotyping systems. Although
synthetic, the dataset adheres closely to the statistical and behavioural properties
expected in actual patient populations, enabling safe prototyping before clinical
application. This study highlights that mood volatility, when represented as a
structured temporal sequence, can serve as a robust signal for detecting complex
psychiatric subtypes like rapid cycling. The Transformer model’s architecture,
particularly its self-attention mechanism, aligns well with the needs of mental
health monitoring—allowing the model to focus on significant moments in a pa-
tient’s trajectory rather than relying on fixed windows or manually crafted fea-
tures. Future studies using real data from mobile apps, wearables, or electronic
health records can extend this approach toward dynamic, AI-driven mental health

interventions.

Limitations

This study is subject to several limitations. First, the dataset is entirely synthetic
and may not capture the full biological, environmental, and psychosocial variabil-
ity present in real-world bipolar disorder populations. While synthetic data are
useful for controlled experiments and architectural testing, they cannot replace
clinical datasets for model validation. Second, the sample size of 200 virtual pa-
tients is relatively small for deep learning applications, which may impact the gen-
eralizability of future predictive models. Third, the absence of true noise, missing
data, or sensor artifacts limits the realism of the simulation. Finally, while mood

variance was a useful labelling strategy here, real-world definitions of rapid cy-
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cling involve nuanced clinical judgment that may not be fully captured by a single
statistical measure. Future work must validate this framework with real-world
longitudinal datasets, ideally involving clinician-verified diagnoses and ecological

momentary assessments.

6. Conclusion

This study presents a simulation-driven framework for predicting rapid cycling in
bipolar disorder using Transformer-compatible multimodal data. By modelling
both dynamic behavioural signals—such as mood fluctuations, sleep duration,
physical activity, and lithium dosage—and static clinical features, we demonstrate
the feasibility of structuring psychiatric monitoring data for deep temporal learn-
ing. The results highlight mood variance as a strong and consistent indicator of
emotional instability, validating its role as the primary signal for rapid cycling
classification. The use of synthetic data allowed us to explore the design and visu-
alization of high-resolution behavioural patterns in a controlled environment [66]
[67]. Seven carefully designed visualizations provided actionable insights into how
different features behave across classes, how they correlate, and how they might
contribute to downstream predictive modelling. While mood patterns emerged as
the most discriminative, medication use and behavioural consistency in activity
also showed potential. Sleep and demographic features, though less informative
on their own, still offer valuable context for personalized models. Transformers
offer a promising architecture for mental health prediction tasks due to their abil-
ity to attend to variable-length sequences and adaptively prioritize meaningful
time steps. This attention mechanism aligns well with the episodic and irregular
nature of mood disorders [68] [69]. By framing the problem in a Transformer-
compatible format, this work sets the stage for future real-world applications in-
volving digital phenotyping, mobile sensing, and treatment-response modelling.
Ultimately, this study contributes an interpretable, flexible, and extensible foun-
dation for developing AI tools in precision psychiatry. The next step is to validate
this approach on real patient data, refine the modelling pipeline with clinical out-
comes, and integrate it into decision-support systems aimed at early detection,

continuous monitoring, and individualized treatment of bipolar disorder.
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