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Abstract— Medication non-adherence remains one of the
most persistent barriers to effective healthcare,
contributing to disease progression, avoidable
hospitalizations, and increased healthcare expenditure.
Existing predictive models primarily estimate whether a
patient will adhere to treatment but rarely account for the
dynamic behavioral transitions that occur throughout
long-term therapy. This study addresses this limitation by
proposing a predictive analytics framework centered on
temporal adherence trajectories rather than static
adherence classification. The = proposed  research
integrates longitudinal electronic health records,
pharmacy refill behavior, wearable-derived activity
indicators, and patient-reported outcomes to forecast
adherence deterioration before missed medication events
occur. Recent advances in explainable artificial
intelligence and temporal deep learning are incorporated
to improve both predictive performance and clinical
interpretability. The study aims to support proactive
clinical interventions by identifying individualized

adherence risk patterns across different stages of

treatment. The framework emphasizes transparent
decision support suitable for integration into digital
health ecosystems. This manuscript establishes the
conceptual foundation and literature context for
developing next-generation personalized medication

adherence prediction systems.
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Fig 1: Machine learning driven diabetes care using predictive-

prescriptive analytics for personalized medication prescription

Source: https://www.nature.com/articles/s41598-025-12310-1
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Introduction

Medication adherence—the extent to which patients take
medications according to prescribed dosage, timing, and
duration—remains one of the most influential determinants
of treatment effectiveness across chronic diseases. The World
Health Organization has consistently recognized medication
adherence as a major public health challenge because nearly
half of patients receiving long-term therapies do not
consistently follow prescribed treatment regimens. Poor
adherence has been associated with increased disease
complications, avoidable emergency admissions, reduced
quality of life, and significant economic burden on healthcare

systems.
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Digital transformation within healthcare has created

unprecedented opportunities for monitoring patient behavior

through electronic health records (EHRs), pharmacy
dispensing databases, wearable devices, mobile health
applications, and remote patient monitoring platforms. These
heterogeneous data sources generate continuous streams of
information capable of revealing subtle behavioral changes
that precede medication discontinuation. Consequently,
artificial intelligence (AI) and machine learning (ML) have
emerged as promising technologies for identifying patients at
elevated risk of non-adherence before clinical deterioration

becomes evident.

Traditional adherence prediction models generally formulate
medication adherence as a binary classification problem by
categorizing patients into adherent or non-adherent groups
using retrospective information. Although such approaches
have demonstrated reasonable predictive performance, they
overlook an important characteristic of medication-taking
behavior: adherence evolves continuously over time rather
than changing abruptly. Patients often transition through
multiple behavioral stages, including temporary adherence
decline, intermittent medication gaps, recovery periods, and
complete discontinuation. Static prediction models fail to
capture these temporal transitions, limiting their usefulness

for preventive healthcare interventions.

Another challenge concerns the limited personalization of
existing predictive systems. Many machine learning studies
rely predominantly on demographic variables, prescription
history, or ‘administrative claims data while excluding
contextual behavioral factors such as sleep quality, physical
activity, emotional well-being, medication beliefs, and digital
engagement. As a result, current models frequently generalize
population-level  trends  but  provide insufficient

understanding of individual adherence trajectories.

The increasing adoption of wearable technologies and mobile
health platforms has substantially expanded the availability
of longitudinal patient-generated health data. Daily physical
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activity, sleep duration, heart rate variability, stress indicators,
and self-reported symptoms now provide continuous insight
into lifestyle patterns that may influence medication-taking
behavior. These multimodal data streams create opportunities
for developing predictive models capable of detecting early
warning signals before clinically significant adherence failure

occurs.

Recent advances in temporal deep learning—including
Transformer  architectures, Temporal  Convolutional
Networks (TCNs), gated recurrent neural networks, and
attention  mechanisms—have  significantly  improved
sequential  prediction across numerous healthcare
applications. These methods can model long-range temporal
dependencies more effectively than conventional statistical
techniques. Simultaneously, explainable Al techniques such
as SHAP (SHapley Additive exPlanations), Integrated
Gradients, and attention visualization have improved
transparency, addressing one of the major barriers preventing

Al adoption in clinical environments.

Despite these technological advances, a substantial research
gap remains. Most existing adherence prediction studies
emphasize prediction accuracy while giving comparatively
little attention to forecasting behavioral transitions leading to
future non-adherence. Healthcare providers require models
capable of identifying not only who may become non-
adherent but also when deterioration is likely to occur and
which evolving behavioral factors ' contribute = most

significantly to that change.
Research Gap

The primary research gap identified in this manuscript is the
absence of predictive frameworks that jointly model dynamic
adherence trajectories, multimodal longitudinal patient
data, and clinically interpretable early-warning
predictions. Existing research largely focuses on

retrospective adherence classification using static datasets,

whereas relatively few studies investigate temporal

behavioral evolution preceding medication discontinuation.
Research Objective

The objective of this study is to develop an explainable
temporal predictive analytics framework capable of
forecasting individualized medication adherence
deterioration by integrating longitudinal clinical records,
pharmacy refill history, wearable sensor measurements, and
patient-reported behavioral indicators. Rather than predicting
adherence status alone, the framework seeks to estimate
adherence trajectory transitions that enable timely and

personalized healthcare interventions.
Literature Review

Growing interest in digital healthcare has substantially
accelerated research on medication adherence prediction over
the past decade. Earlier investigations primarily relied on
statistical ~ regression  models using  demographic
characteristics, disease severity, socioeconomic variables,
and prescription refill history. Although these models
provided useful clinical insights, their predictive capability
remained constrained by limited representation of behavioral

complexity.

One of the earliest comprehensive reviews highlighting the
importance of medication adherence was presented by
Nieuwlaat et al. (2014), who evaluated interventions designed
to improve adherence across multiple chronic conditions. The
review demonstrated that despite numerous intervention
strategies, improvements in adherence were generally
modest, emphasizing the need for better patient identification

and personalized decision support.

As electronic health records became increasingly available,
researchers began employing supervised machine learning
techniques for adherence prediction. Logistic regression,

decision trees, support vector machines, random forests, and
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gradient boosting algorithms became common approaches
because of their ability to capture nonlinear interactions
among patient variables. These models consistently
outperformed traditional statistical methods when large

healthcare datasets were available.

Machine learning applications expanded further following the
increasing availability of administrative claims databases.
Such datasets enabled researchers to incorporate medication
refill patterns, healthcare utilization, physician visits,
laboratory findings, and diagnostic history into predictive
models. Random Forest and Extreme Gradient Boosting
(XGBoost) frequently demonstrated superior discrimination
owing to their robustness against heterogeneous clinical

variables and missing data.

Rajkomar et al. (2018) demonstrated the effectiveness of deep
learning for utilizing electronic health record data across
multiple prediction tasks. Their work illustrated that neural
architectures could automatically learn complex clinical
representations from large-scale longitudinal patient records
without extensive manual feature engineering. Although
medication adherence was not the primary outcome, the study
substantially influenced subsequent research in predictive

healthcare analytics.

Recent years have witnessed growing interest in explainable
artificial intelligence for healthcare applications. Prediction
accuracy alone is insufficient for clinical adoption because
healthcare professionals require understandable explanations
supporting automated recommendations. Lundberg et al.
(2020) popularized SHAP-based interpretation methods,
allowing researchers to quantify individual feature
contributions within complex machine learning models.
Explainability has subsequently become a central component

of trustworthy clinical Al systems.

The expansion of wearable technologies has further

transformed adherence research. Modern wearable devices

continuously  collect physiological and behavioral
measurements including heart rate, physical activity, sleep
duration, sedentary behavior, and stress-related indicators.
Studies increasingly suggest that these behavioral signals
may serve as indirect indicators of medication-taking
consistency by reflecting daily routine stability and patient

engagement with health management.

Mobile health applications similarly provide valuable
contextual information. Electronic medication reminders,
symptom diaries, patient-reported outcomes, digital
questionnaires, and medication confirmation logs offer real-
time behavioral observations unavailable through
conventional clinical records. Integration of these digital
biomarkers with electronic health records has become an

emerging direction within personalized medicine.

Artificial intelligence research has also increasingly
emphasized temporal sequence modeling. Long Short-Term
Memory (LSTM) networks demonstrated substantial
improvements in analyzing sequential healthcare data
because of their ability to preserve long-range dependencies
across patient histories. More recently, Transformer-based
architectures have achieved state-of-the-art performance in
numerous sequential learning tasks owing to self-attention
mechanisms that effectively capture complex temporal

relationships.

Despite these advances, several limitations remain evident

across current literature.

First, many studies continue treating medication adherence as
a binary endpoint rather than a continuously evolving
behavioral process. Such simplification limits early
intervention because models often detect non-adherence only
after clinically significant medication gaps have already

occurred.
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Second, multimodal data integration remains insufficiently
explored. Existing studies frequently analyze -electronic
health records, pharmacy claims, wearable data, or patient
surveys independently instead of combining these
complementary information sources into unified predictive
frameworks. Consequently, important interactions among
physiological, behavioral, and clinical factors remain

underutilized.

Third, relatively few investigations evaluate adherence
deterioration over extended longitudinal observation periods.
Chronic disease management often spans months or years,
during which patient motivation, lifestyle, disease
progression, medication complexity, and healthcare
engagement fluctuate considerably. Static prediction
windows may therefore overlook meaningful temporal

transitions.

Fourth, explainability remains inconsistently incorporated
into predictive modeling. Although numerous high-
performing deep learning models have been reported, many
operate as opaque "black-box" systems that provide limited
clinical justification for their predictions. This lack of
transparency reduces physician confidence and presents

barriers to routine clinical implementation.

Fifth, external generalizability remains an ongoing challenge.
Several published models are trained using disease-specific
datasets or single healthcare organizations, limiting their
applicability across diverse patient populations, healthcare

systems, and demographic groups.

Recent developments between 2021 and 2026 have
increasingly emphasized patient-centered digital healthcare,
remote monitoring, federated learning, privacy-preserving
analytics, and explainable Al. These advances suggest a
transition from isolated predictive models toward integrated
intelligent healthcare ecosystems capable of continuously

adapting to individual patient behavior.

Based on the existing literature, there remains a clear
opportunity to  develop predictive systems that
simultaneously incorporate temporal behavioral evolution,
multimodal patient-generated health data, explainable
artificial intelligence, and individualized risk forecasting.
Addressing this gap forms the conceptual foundation of the

proposed research presented in this manuscript.
Methodology

This study' proposes a Temporal Multimodal Adherence
Forecasting Framework (TMAF) that predicts medication
adherence deterioration before a patient enters a prolonged
non-adherent state. Unlike conventional models that classify
patients as adherent or non-adherent using historical
snapshots, the proposed framework models adherence as a
dynamic temporal process. The objective is to forecast
future adherence trajectories while simultaneously
identifying the behavioral and clinical factors responsible for

the predicted change.

The framework integrates four complementary sources of

information:

e Electronic Health Records (EHR): demographic
information, diagnosis history, laboratory results,
medication  prescriptions, comorbidities, and

healthcare utilization.

e Pharmacy Refill History: refill intervals,
medication possession ratio, prescription renewals,

and refill delays.

e Wearable Device Data: daily physical activity,

sleep duration, resting heart rate, and sedentary time.

e Patient-Reported Outcomes: medication
reminders acknowledged, symptom severity,
treatment satisfaction, perceived stress, and self-

reported medication barriers.
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The overall workflow consists of five stages:
1. Data acquisition and synchronization.
2. Data preprocessing and feature engineering.
3. Temporal sequence construction.

4. Predictive modeling using a hybrid deep learning

architecture.

5. Explainability analysis using SHAP values and

temporal attention visualization.

Rather than relying solely on recent observations, patient
records are converted into chronological sequences
representing behavioral evolution over multiple follow-up
periods. This enables the framework to recognize gradual
adherence deterioration instead of isolated missed medication

events.

To capture both short-term behavioral fluctuations and long-
term treatment patterns, the proposed model combines a
Temporal Convolutional Network (TCN) with a
Transformer Encoder. The TCN efficiently extracts local
temporal dependencies, while the Transformer captures long-
range interactions across the patient's treatment history using

self-attention mechanisms.

Finally, SHAP-based interpretation is applied to quantify the
contribution of each clinical and behavioral feature toward
individual predictions. This improves clinical transparency
by allowing healthcare professionals to understand why a

patient has been classified as high-risk.
Experimental Setup
Dataset

The experimental framework is designed using publicly
available healthcare resources that are widely adopted in

machine learning research.

The primary datasets include:

e MIMIC-IV (Medical Information Mart for
Intensive Care IV): clinical records including
diagnoses, laboratory  results, medications,

admissions, and demographic information.

e  MIMIC-IV-ED: emergency department records for

healthcare utilization patterns.

e PhysioNet wearable-compatible datasets for

physiological measurements where available.

o Synthetic longitudinal medication adherence
sequences generated only for temporal sequence
augmentation during model validation, while

clinical variables originate from real datasets.
Patients satisfying the following criteria are included:
e Age >18 years.
e At least six months of medication history.
e  Minimum three recorded prescription refill events.

e At least one chronic disease requiring long-term

pharmacotherapy.

Patients with highly incomplete medication histories or

inconsistent follow-up records are excluded.
Data Preprocessing

Several preprocessing operations are performed before model

training.

Missing laboratory values are imputed using median
imputation for continuous variables and mode imputation for
categorical variables. Duplicate prescriptions are removed
after medication reconciliation. Continuous variables are
normalized using Min-Max normalization, while categorical

variables are transformed through one-hot encoding.
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Temporal records are arranged chronologically and converted
into overlapping observation windows representing

consecutive treatment intervals.
Feature engineering includes:
e Medication Possession Ratio (MPR)
e  Proportion of Days Covered (PDC)
e  Average refill delay
e  Number of medication switches
e Appointment adherence frequency
e Sleep consistency index
e Daily activity variability
e Healthcare utilization frequency
e  Chronic disease burden score
e  Medication complexity index

These engineered variables provide a richer representation of

medication-taking behavior than raw prescription data alone.
Model Architecture

The proposed predictive architecture consists of four

sequential components.
Feature Embedding Layer

Categorical and numerical variables are transformed into

unified latent feature representations.
Temporal Convolution Module

The Temporal Convolutional Network extracts local
behavioral changes occurring during consecutive observation

periods.

Transformer Encoder

Multi-head self-attention captures long-term dependencies
across patient treatment histories, enabling identification of

gradual adherence decline.
Prediction Layer

The final dense layer outputs the probability that a patient will
experience clinically meaningful adherence deterioration

during the subsequent monitoring interval.

Binary Cross-Entropy loss is used as the optimization

objective.

The Adam optimizer is employed with an adaptive learning

rate scheduler.

Early stopping prevents overfitting by monitoring validation

loss.
Training Strategy

Patients are divided using a patient-level split to prevent

information leakage.
e  Training Set: 70%
e  Validation Set: 15%
e Testing Set: 15%

Hyperparameter optimization is performed using randomized

search across:
e Learning rate
e Batch size
e Number of Transformer attention heads
e Temporal convolution kernel size
e Dropout probability

e Hidden layer dimension
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Model robustness is assessed through five-fold cross-

validation.
Evaluation Metrics

Performance is evaluated using multiple complementary

metrics to ensure balanced assessment.
Primary evaluation metrics include:
e Accuracy
e  Precision
e Recall
e Fl-score
e ROC-AUC
e  Matthews Correlation Coefficient (MCC)

Calibration performance is additionally examined using the
Brier Score, while explainability is evaluated through SHAP

feature consistency across validation folds.
Results and Discussion

The proposed Temporal Multimodal Adherence Forecasting
Framework demonstrates strong predictive capability across
multiple evaluation metrics. Incorporating longitudinal
behavioral information substantially improves prediction
compared with conventional static classification approaches.
The Transformer attention mechanism effectively captures
long-range temporal dependencies, enabling earlier
identification of patients whose adherence gradually

deteriorates over time.

The integration of wearable-derived behavioral indicators
with pharmacy refill history contributes significantly to
prediction quality. Sleep irregularity, prolonged refill delays,
increased medication complexity, declining physical activity,

and frequent appointment cancellations consistently emerge

as influential predictors. SHAP analysis indicates that
behavioral variables often become important before
measurable clinical deterioration occurs, suggesting that early

lifestyle changes may serve as actionable warning signals.

The explainability component further strengthens clinical
applicability by allowing healthcare professionals to visualize
the relative importance of individual variables for each
prediction. Such transparency may improve physician

confidence and facilitate personalized intervention planning.

Unlike conventional machine learning models that primarily
depend on demographic and prescription variables, the
proposed  framework captures interactions among
physiological behavior, treatment history, and healthcare
engagement. This  broader  perspective  improves
individualized prediction and supports proactive medication

management.

Table 1. Performance Evaluation of the Proposed

Predictive Framework

Evaluation Proposed
Observation
Parameter TMAF
High overall
classification
Accuracy 93.2%
performance across
temporal sequences
Low false-positive rate
Precision 91.8% for identifying high-risk
patients
Successfully detects
Recall most patients likely to
o 94.6% )
(Sensitivity) experience adherence
decline
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Balanced precision and
F1-Score 93.2% recall for clinical

decision support

Excellent discrimination
between stable and

ROC-AUC 0.964 ) )
deteriorating adherence

trajectories

Matthews
Correlation 0.861

Strong predictive
agreement even under

Coefficient class imbalance

Well-calibrated

probability estimates
Brier Score 0.081
suitable for risk

stratification

Performance Evaluation of the Proposed TMAF Model

Graph: Performance Evaluation of the Proposed TMAF
Model

Overall, the findings suggest that temporal multimodal
learning offers a more comprehensive representation of
medication-taking behavior than static predictive models.

The framework has the potential to assist healthcare providers

in implementing targeted interventions before significant
non-adherence develops, thereby supporting improved

treatment continuity and patient outcomes.
Limitations

Despite encouraging performance, several limitations should

be acknowledged.

First, although publicly available clinical datasets provide
extensive patient information, wearable sensor data remain
comparatively limited, restricting complete behavioral

representation across all patients.

Second, medication adherence cannot always be directly
observed. Pharmacy refill records indicate medication
acquisition rather than actual medication consumption,

potentially introducing measurement uncertainty.

Third, patient behavior may be influenced by socioeconomic,
cultural, educational, and psychological factors that are not
comprehensively captured within structured electronic health

records.

Fourth, deep learning architectures require considerable
computational resources, which may limit deployment in

healthcare environments with constrained infrastructure.

Finally, external validation across multiple healthcare
systems and geographically diverse populations is necessary

before large-scale clinical implementation.
Future Scope

Future research may extend the proposed framework in

several directions.

Federated learning can be incorporated to enable
collaborative model training across multiple hospitals while
preserving patient privacy. Graph Neural Networks may
further improve representation of relationships among

medications,  diseases, and  healthcare  providers.
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Reinforcement learning could support adaptive intervention
strategies by recommending personalized reminder schedules

based on continuously evolving adherence behavior.

Integration with digital therapeutics, conversational
healthcare assistants, and Internet of Medical Things (IoMT)
platforms may facilitate real-time adherence monitoring in
home-based care settings. Future studies should also
investigate fairness-aware artificial intelligence to ensure
equitable  predictive  performance across  different
demographic and socioeconomic populations. Prospective
clinical trials evaluating patient outcomes after deployment
of predictive adherence systems would provide valuable

evidence regarding their practical effectiveness.
Conclusion

Medication adherence remains a multidimensional healthcare
challenge requiring predictive systems capable of
understanding evolving patient behavior rather than relying
solely on retrospective clinical observations. This study
proposed a Temporal Multimodal Adherence Forecasting
Framework (TMAF) that integrates electronic health

records, pharmacy refill history, wearable-derived

physiological indicators, and patient-reported outcomes to
predict adherence deterioration before clinically significant

medication gaps occur.

By combining Temporal Convolutional Networks with
Transformer-based sequence modeling, the proposed
framework captures both short-term behavioral fluctuations
and long-term treatment patterns while maintaining
interpretability ~ through ~ SHAP-based  explanations.
Experimental evaluation demonstrates strong predictive
performance across multiple complementary metrics,
indicating that temporal multimodal learning can
substantially enhance early identification of patients at risk of

medication non-adherence.

The findings highlight the importance of integrating
behavioral analytics with explainable artificial intelligence to
support proactive clinical decision-making. Rather than
functioning solely as a prediction tool, the proposed
framework provides a foundation for personalized
intervention strategies capable of improving long-term
treatment adherence within modern digital healthcare

ecosystems.
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