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Abstract: Personalized healthcare recommendations powered by artificial intelligence (AI) hold 

immense promise for improving patient outcomes and healthcare efficiency. This review paper 

examines the current landscape of sequential behavior modeling and unsupervised data 

augmentation techniques in the context of personalized healthcare recommendations. We delve into 

various methods for capturing the temporal dependencies in patient data, such as recurrent neural 

networks (RNNs), transformers, and Markov models, and assess their effectiveness in predicting 

future health events or treatment responses. Furthermore, we explore unsupervised data 

augmentation strategies, including generative adversarial networks (GANs), variational 

autoencoders (VAEs), and rule-based methods, which aim to enhance the quality and diversity of 

patient data, especially in scenarios with limited labeled information. The paper synthesizes existing 

research, compares different approaches, and identifies key challenges and opportunities in this 

rapidly evolving field. Finally, we discuss potential future directions for integrating sequential 

modeling and data augmentation techniques to advance personalized healthcare recommendations 

using AI. This review provides a comprehensive overview for researchers and practitioners 

interested in leveraging AI to improve healthcare delivery and patient well-being. 
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1. Introduction 

1.1. Motivation and Background 

Personalized healthcare recommendations are gaining prominence due to their 

potential to revolutionize patient care. Traditional healthcare systems often struggle to 

provide tailored treatments, leading to suboptimal outcomes. Artificial intelligence (AI) 

offers a transformative solution by enabling data-driven insights and personalized 

interventions. AI algorithms can analyze vast amounts of patient data, including medical 

history, lifestyle factors, and genomic information, to generate customized 

recommendations for treatment, prevention, and wellness. This personalized approach 

addresses the limitations of one-size-fits-all medicine and promises to improve patient 

outcomes and reduce healthcare costs. The goal is to provide the right intervention, to the 

right patient, at the right time, maximizing the effectiveness of healthcare delivery [1]. 

1.2. Scope and Contributions 

This paper’s scope encompasses sequential behavior modeling and unsupervised 

data augmentation within personalized healthcare recommendations. We focus on 
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methods leveraging AI to predict individual health trajectories and tailor interventions. 

Our key contributions include a comprehensive review of existing sequential models, 

such as Markov models and recurrent neural networks, and unsupervised data 

augmentation techniques like generative adversarial networks (GANs) and variational 

autoencoders (VAEs) for addressing data scarcity. We provide a comparative analysis of 

these approaches, highlighting their strengths and weaknesses in the context of healthcare. 

Finally, we discuss promising future research directions, including the integration of 

causal inference and the development of more robust and interpretable models for 

personalized healthcare [2]. 

2. Historical Overview of Personalized Healthcare Recommendations 

2.1. Early Approaches to Healthcare Recommendations 

Early personalized healthcare recommendations relied on rule-based systems, 

encoding expert knowledge into if-then statements. These systems, while interpretable, 

struggled with the complexity and variability of patient data. Collaborative filtering 

emerged, leveraging similarities between patients or treatments to predict preferences. 

However, these methods often suffered from data sparsity, where limited interaction data 

hindered accurate recommendations. Furthermore, early approaches largely ignored the 

sequential nature of healthcare events, treating patient histories as static snapshots rather 

than dynamic processes. This limited their ability to capture evolving health conditions 

and treatment responses over time, as shown in Table 1. 

Table 1. Comparison of Early Recommendation Techniques. 

Feature Rule-Based Systems Collaborative Filtering 

Foundation 
Expert knowledge encoded as if-

then rules. 

Similarities between patients or 

treatments. 

Strengths 
Interpretable and easily 

understandable. 

Leverages data patterns to predict 

preferences. 

Weaknesses 

Struggles with complexity and 

variability of patient data; 

difficult to adapt. 

Suffers from data sparsity, limiting 

accuracy. 

Data Handling Treats patient data as static. 
Primarily focuses on static 

similarities. 

Temporal 

Awareness 

Ignores the sequential nature of 

healthcare events. 

Largely ignores the sequential 

nature of healthcare events. 

Mathematical 

Representation 

Symbolic logic and rule 

execution. 

Similarity metrics (e.g., cosine 

similarity, Pearson correlation). 

Adaptability 
Low adaptability to new data or 

evolving knowledge. 

Potentially adaptable, but limited 

by data sparsity. 

Example Use Case 

Simple treatment guidelines 

based on limited criteria (if 

condition then treatment). 

Recommending medications based 

on patients with similar diagnoses 

and demographics. 

2.2. Evolution of AI-Powered Recommendation Systems 

AI-powered healthcare recommendation systems have evolved significantly, 

transitioning from rule-based systems to sophisticated machine learning (ML) models. 

Early systems relied on expert knowledge and predefined rules, limiting their adaptability. 

The introduction of ML, particularly techniques like collaborative filtering and matrix 

factorization, enabled personalized recommendations based on patient similarities and 

treatment outcomes. Deep learning (DL) further advanced the field by allowing the 

modeling of complex, non-linear relationships within high-dimensional healthcare data, 
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such as electronic health records and genomic information [3]. DL models, including 

recurrent neural networks and transformers, excel at capturing temporal dependencies 

and intricate patterns, leading to more accurate and context-aware recommendations. 

This shift allows for better prediction of optimal treatments and preventative measures, 

ultimately improving patient outcomes, as summarized in Table 2. 

Table 2. Timeline of AI Adoption in Healthcare Recommendations. 

Period Technology Description Impact 

Early 

Stages 

Rule-Based 

Systems 

Relied on expert knowledge 

and predefined rules. 

Limited adaptability and 

personalization. 

Basic recommendations 

based on explicit guidelines. 

Transition 

Phase 

Machine Learning 

(ML) - 

Collaborative 

Filtering, Matrix 

Factorization 

Enabled personalized 

recommendations based on 

patient similarities and 

treatment outcomes. 

Improved personalization 

and prediction accuracy 

compared to rule-based 

systems. 

Advanced 

Stage 

Deep Learning 

(DL) - Recurrent 

Neural Networks, 

Transformers 

Modeled complex, non-linear 

relationships within high-

dimensional healthcare data. 

Captures temporal 

dependencies and intricate 

patterns. 

More accurate and context-

aware recommendations, 

leading to better prediction 

of optimal treatments and 

preventative measures. 

2.3. The Rise of Sequential Modeling 

The shift towards sequential modeling arose from the limitations of static approaches 

in capturing the temporal dependencies inherent in patient healthcare journeys. 

Traditional methods often treated patient data as independent snapshots, neglecting the 

crucial influence of past treatments and diagnoses on future health outcomes. Sequential 

models, like Hidden Markov Models and Recurrent Neural Networks, address this by 

explicitly considering the order of events [4]. For example, predicting medication 

adherence benefits from understanding the sequence of past prescription refills and 

doctor’s appointments. Similarly, forecasting disease progression leverages the temporal 

order of symptoms and lab results to provide more accurate and personalized 

recommendations, moving beyond simple correlation to causal inference where possible, 

especially when considering time-varying covariates 𝑥𝑡 and outcomes 𝑦𝑡 . 

3. Sequential Behavior Modeling for Personalized Recommendations: Core Theme A 

3.1. Recurrent Neural Networks (RNNs) and Their Variants 

Recurrent Neural Networks (RNNs) and their variants, such as Long Short-Term 

Memory (LSTM) networks and Gated Recurrent Units (GRUs), are powerful tools for 

modeling sequential patient data. Their ability to capture temporal dependencies makes 

them well-suited for predicting future health events. RNNs process sequences by 

maintaining a hidden state that is updated at each time step, allowing them to “remember” 

past information. LSTMs and GRUs address the vanishing gradient problem of standard 

RNNs, enabling them to learn long-range dependencies [5]. For example, LSTMs have 

been successfully applied to predict hospital readmission based on a patient’s history of 

diagnoses, procedures, and medications. GRUs have shown promise in predicting disease 

progression, such as the onset of diabetes, by analyzing longitudinal patient records. The 

input sequence 𝑥𝑡 at time 𝑡 influences the hidden state ℎ𝑡, which then contributes to the 

prediction 𝑦̂𝑡.  



Vol. 2, No. 1 (2026) Huaxia Xinzhi 
 

 
 32  

3.2. Transformer-Based Models 

Transformer-based models, originally developed for natural language processing, 

have shown promise in modeling sequential healthcare data. Architectures like BERT and 

GPT excel at capturing long-range dependencies and contextual information within 

patient histories [6]. This is crucial as medical events are often interrelated across extended 

periods. For instance, transformers can be used to predict treatment outcomes by 

analyzing sequences of diagnoses, medications, and procedures. The self-attention 

mechanism allows the model to weigh the importance of different events in the sequence, 

identifying critical factors influencing the patient’s health trajectory. Furthermore, 

transformers can identify high-risk patients by learning complex patterns in their medical 

records, potentially enabling proactive interventions and improved patient care. The 

ability to process variable-length sequences makes them particularly suitable for handling 

the diverse and often incomplete nature of healthcare data. 

3.3. Markov Models and Hidden Markov Models (HMMs) 

Markov Models (MMs) and Hidden Markov Models (HMMs) offer a foundational 

approach to modeling sequential patient data, prized for their simplicity and 

interpretability. MMs assume that the future state depends only on the present state, a 

property known as the Markov property. This allows for straightforward modeling of 

transitions between health states. HMMs extend this by introducing hidden states, where 

observed patient data (e.g., symptoms, lab results) are probabilistically linked to 

underlying, unobserved disease states. For example, an HMM could model the 

progression of a chronic disease, where observed symptoms are used to infer the hidden 

stage of the disease. The probability of transitioning from state 𝑖 to state 𝑗 is denoted as 

𝑃(𝑆𝑡+1 = 𝑗|𝑆𝑡 = 𝑖). These models have been applied to predict disease states, treatment 

transitions, and even patient adherence to medication regimens, providing valuable 

insights for personalized healthcare recommendations [7]. 

4. Unsupervised Data Augmentation Techniques: Core Theme B 

4.1. Generative Adversarial Networks (GANs) 

Generative Adversarial Networks (GANs) offer a powerful approach to 

unsupervised data augmentation by learning the underlying distribution of patient data 

and generating synthetic samples. These synthetic data points can then be used to 

supplement the original dataset, improving the robustness and generalization ability of 

healthcare recommendation models. Several GAN architectures have been explored, 

including Vanilla GANs, Conditional GANs (CGANs), and Wasserstein GANs (WGANs). 

CGANs, for instance, allow for the generation of synthetic data conditioned on specific 

patient attributes like age or disease status, providing more targeted data augmentation. 

The effectiveness of GANs hinges on their ability to capture complex relationships within 

patient data, such as correlations between medical history, lifestyle factors, and treatment 

outcomes [8]. By training recommendation systems on a combination of real and GAN-

generated data, we can mitigate issues related to data scarcity and improve 

recommendation accuracy, particularly for rare diseases or underrepresented patient 

subgroups where the number of samples 𝑁 is small [9]. 

4.2. Variational Autoencoders (VAEs) 

Variational Autoencoders (VAEs) offer a powerful approach for learning latent 

representations of complex patient data and generating synthetic samples. By encoding 

patient features into a lower-dimensional latent space, VAEs capture the underlying 

structure and dependencies within the data. The encoder maps the input data 𝑥 to a 

distribution over the latent space 𝑧, typically parameterized by a mean 𝜇 and variance 

𝜎2 . The decoder then reconstructs the input from a sampled latent vector 𝑧 . This 

probabilistic approach allows VAEs to handle uncertainty inherent in patient data. Data 
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augmentation is achieved by sampling new latent vectors from the learned distribution 

and decoding them to generate synthetic patient records. These augmented data points 

can then be used to train more robust and generalizable recommendation models, 

particularly when dealing with limited or imbalanced datasets, improving the model’s 

ability to handle unseen patient variations [10]. 

4.3. Rule-Based Data Augmentation 

Rule-based data augmentation leverages domain expertise and clinical guidelines to 

generate synthetic patient data. These methods offer simplicity and high interpretability, 

making them valuable for augmenting datasets where understanding the augmentation 

process is crucial. For instance, if a patient record indicates hypertension and high sodium 

intake, a rule could generate a new record with similar characteristics but increased 

dosage of antihypertensive medication, reflecting a potential clinical intervention [11]. 

Another example involves modifying existing records; if a patient’s BMI is below a certain 

threshold and they report fatigue, a rule could introduce symptoms consistent with 

anemia, with a probability reflecting the prevalence of anemia in similar patients. Such 

rules can also be used to create counterfactual examples, exploring the impact of different 

treatment pathways or lifestyle changes on patient outcomes, as illustrated in Table 3. 

Table 3. Examples of Rule-Based Data Augmentation. 

Scenario Rule Description Augmentation Effect 

Hypertension & 

High Sodium 

Intake 

If a patient has hypertension and high 

sodium intake, increase the dosage of 

antihypertensive medication. 

Simulates a clinical 

intervention to manage 

hypertension given poor 

dietary habits. 

Low BMI & 

Fatigue 

If a patient’s 𝐵𝑀𝐼 is below a certain 

threshold and they report fatigue, 

introduce symptoms consistent with 

anemia with a probability reflecting 

anemia prevalence. 

Introduces anemia 

symptoms based on known 

associations between low 

𝐵𝑀𝐼, fatigue, and anemia. 

Treatment 

Pathway 

Exploration 

If a patient is on treatment A, create a 

counterfactual example where they are 

switched to treatment B. 

Explores the impact of 

different treatment pathways 

on patient outcomes. 

Lifestyle Change 

Impact 

If a patient has a sedentary lifestyle, 

create a counterfactual example with 

increased physical activity. 

Explores the impact of 

lifestyle changes on patient 

outcomes. 

5. Comparison of Methods and Challenges 

5.1. Comparative Analysis of Sequential Modeling Techniques 

Sequential modeling techniques offer varying trade-offs for personalized healthcare 

recommendations. Markov models, while computationally efficient and interpretable, 

suffer from a strong Markov assumption, limiting their ability to capture long-range 

dependencies in patient histories [12]. Recurrent Neural Networks (RNNs), particularly 

LSTMs and GRUs, address this limitation but can be computationally expensive and 

challenging to train, especially with long sequences due to vanishing gradients. 

Transformers, leveraging attention mechanisms, excel at capturing long-range 

dependencies and offer parallelization benefits, leading to improved accuracy. However, 

they demand significant computational resources and data, potentially hindering their 

applicability in data-scarce healthcare settings. The choice of model depends on the 

balance between accuracy, interpretability, and computational constraints, considering 

factors like dataset size (N), sequence length (T), and desired latency (L), as summarized 

in Table 4. 
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Table 4. Performance comparison. 

Model Advantages Disadvantages 
Computation

al Cost 

Data 

Requirement

s 

Interpretabilit

y 

Markov 

Models 

Computationall

y efficient, 

interpretable 

Strong Markov 

assumption, 

limited long-

range 

dependency 

capture 

Low Low High 

RNNs 

(LSTMs, 

GRUs) 

Captures long-

range 

dependencies 

Computationall

y expensive, 

challenging to 

train (vanishing 

gradients) 

Medium Medium Low 

Transformer

s 

Excels at 

capturing long-

range 

dependencies, 

parallelization 

benefits, 

improved 

accuracy 

High 

computational 

resources and 

data 

requirements 

High High Low 

5.2. Challenges and Limitations 

Sequential behavior modeling and unsupervised data augmentation in healthcare 

face several challenges. Data sparsity is a major hurdle, as patient histories are often 

incomplete or irregular, hindering accurate model training [13]. Noise in electronic health 

records, stemming from inconsistencies and errors, further complicates the learning 

process. Privacy concerns surrounding sensitive patient data necessitate careful 

consideration of anonymization techniques and data governance policies. Unsupervised 

data augmentation methods, while promising, can introduce biases or generate unrealistic 

synthetic data, potentially leading to flawed recommendations. Ethical considerations, 

such as fairness and transparency, are paramount to ensure equitable and trustworthy AI-

driven healthcare solutions. The computational cost associated with complex sequential 

models and augmentation techniques can also be a limiting factor, especially when 

dealing with large datasets [14]. 

6. Future Perspectives 

6.1. Integration of Multi-Modal Data 

Integrating multi-modal data, including electronic health records, imaging data (e.g., 

X-rays, MRIs), and genomic data, holds immense promise for refining personalized 

healthcare recommendations. By fusing these diverse data streams, AI models can gain a 

more holistic understanding of a patient’s health status and predict future needs with 

greater accuracy. Challenges include data heterogeneity, alignment of different modalities, 

and ensuring data privacy [15]. Opportunities lie in developing novel AI architectures 

capable of effectively learning from complex, multi-modal representations, ultimately 

leading to more precise and proactive healthcare interventions tailored to individual 

patient profiles based on variables like 𝑥, 𝑦, and 𝑧 [16]. 
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6.2. Explainable AI (XAI) and Trustworthy Recommendations 

Explainable AI (XAI) is crucial for fostering trust in AI-driven healthcare 

recommendations. Patients and clinicians need to understand why a particular 

recommendation is made to assess its validity and appropriateness. Techniques like rule-

based systems, attention mechanisms, and SHAP values can provide insights into the 

model’s decision-making process. Visualizations and simplified explanations, avoiding 

complex jargon, are essential for interpretability. Furthermore, quantifying the 

uncertainty associated with each recommendation, perhaps through confidence intervals 

or probability distributions of potential outcomes 𝑃(𝑜𝑢𝑡𝑐𝑜𝑚𝑒|𝑟𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑎𝑡𝑖𝑜𝑛) , can 

enhance transparency and facilitate informed decision-making [17]. 

7. Conclusion 

7.1. Summary of Key Findings 

This review highlights advancements in modeling sequential patient data for 

personalized recommendations. Unsupervised data augmentation techniques, 

particularly those leveraging generative models, effectively address data scarcity and 

improve recommendation accuracy, demonstrating significant potential for enhancing 

personalized healthcare. 

7.2. Concluding Remarks 

AI-powered personalized healthcare recommendations hold immense potential for 

transforming healthcare delivery. By leveraging sequential behavior modeling and 

unsupervised data augmentation, we can significantly improve patient outcomes through 

tailored interventions and proactive care, ultimately paving the way for a more efficient 

and patient-centric healthcare ecosystem where 𝑓(𝑥)  represents individual health 

trajectories. 
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