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 Diabetes mellitus remains a major global health concern, requiring early 

detection to prevent severe complications and reduce mortality. This study 

developed and evaluated two deep learning architectures, Long Short-Term 

Memory (LSTM) and Bidirectional LSTM (BiLSTM), for diabetes 

prediction using the Pima Indians Diabetes Dataset. The research 

methodology involved systematic preprocessing, including outlier handling 

with median imputation, data normalization, and training–testing data 

splitting (80:20). Both models were trained using 614 samples for training 

and 154 samples for testing, with 50 epochs and a batch size of 32. The 

evaluation was performed using accuracy, precision, recall, F1-score, and 

AUC metrics. Results indicated that LSTM achieved an accuracy of 

74.03%, while BiLSTM slightly outperformed it with 74.68%. Confusion 

matrix analysis further revealed that BiLSTM reduced false negatives and 

provided more consistent learning stability compared to LSTM. Accuracy 

and loss curves confirmed BiLSTM’s superior convergence and 

generalization capability. These findings demonstrate that BiLSTM is more 

effective and reliable for diabetes prediction tasks. The study concludes that 

BiLSTM offers better potential for integration into decision-support 

systems, and future research could enhance performance through larger 

datasets, advanced optimization, and real-world clinical validation. 
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1. Introduction 
Diabetes mellitus is a chronic disease characterized by elevated blood glucose levels resulting from 

impaired insulin production or function. It has emerged as a major global public health concern, with its 

prevalence continuing to rise significantly each year. According to the International Diabetes Federation 

(IDF) report, more than 537 million adults were living with diabetes worldwide in 2021, and this number is 

projected to increase to 643 million by 2030 if no effective mitigation strategies are implemented [1]. 

Early detection of diabetes is crucial in preventing severe complications such as kidney failure, blindness, 

cardiovascular disease, and amputations. Nevertheless, conventional diagnostic approaches are often 

complex, costly, and not always accessible, particularly in resource-limited regions. These limitations 

highlight the urgent need for accurate, fast, and technology-driven prediction systems to support efficient 

medical decision-making [2]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Recent advances in Artificial Intelligence (AI), especially deep learning, have created new opportunities in 

medical research, including chronic disease prediction. Models such as Long Short-Term Memory (LSTM) 

and Bidirectional LSTM (BiLSTM) have shown great potential in learning sequential data patterns and 

capturing temporal correlations within medical datasets [3]. Previous studies, such as that conducted by Putra 

(2024), reported that BiLSTM achieved higher accuracy compared to LSTM in diabetes prediction tasks [4]. 

Building on this foundation, several international studies have further demonstrated the effectiveness of 

sequential and hybrid models in glucose prediction and metabolic disease forecasting. For example, Bian et 

al. (2024) proposed a Transformer-LSTM model for glucose prediction and reported superior performance 

compared to standalone LSTM [5]. while Carvalho and Liang (2024) applied LSTM models to three distinct 

populations (T1D, T2D, and prediabetes) and found that the prediabetes group achieved the best internal–

external validity [6]. Similarly, Ayat et al. (2024) combined CNN and LSTM for diabetes classification, 

showing significant improvements in predictive accuracy over conventional models [7]. Furthermore, Zhang 

et al. (2025) highlighted that deep learning models outperform traditional statistical approaches in forecasting 

the global diabetes burden due to their ability to capture complex temporal and non-linear patterns.  

In addition to empirical studies, comparative reviews have consolidated the evidence on AI’s role in 

diabetes prediction. Butt et al. (2021) demonstrated that deep learning–based diabetes prediction achieved 

higher reliability than traditional machine learning models [8]. while Mousa et al. (2023) confirmed the 

superior performance of recurrent architectures on the Pima Indians Diabetes Dataset [9]. Syaripudin et al. 

(2023) emphasized the strong correlation between lifestyle patterns and diabetes risks, further supporting the 

integration of AI-driven prediction systems [10]. Hossain et al. (2022) reviewed the challenges of chronic 

diseases and highlighted the need for advanced computational methods [11]. A seminal review by Kavakiotis 

et al. (2017) also demonstrated that AI and data mining approaches significantly improve diabetes research 

[2]. and Uddin et al. (2021) showed that ensemble deep learning further enhances classification accuracy 

[12]. Collectively, these studies underscore the rapid progress and growing significance of AI in diabetes 

research. 

Despite these promising results, the implementation of deep learning models still faces several 

challenges, particularly related to data quality, missing values, and class imbalance. Jabbar and Washington 

(2024) demonstrated that missingness in diabetes datasets significantly reduces predictive performance [13] 

while Braem et al. (2024) reported that wearable sensor data often suffers from systematic data loss, limiting 

reliability in real-world monitoring [14] Similarly, BioData Mining (2024) emphasized that imbalanced 

medical datasets remain a critical issue, requiring advanced sampling strategies for balanced learning [15] A 

comprehensive review by Springer (2024) further confirmed that despite a decade of research, no consensus 

has been reached on the most effective methods for handling medical data imbalance [16] Moreover, recent 

studies have stressed that strategies such as transfer learning, augmentation, and uncertainty modeling are 

essential but remain underutilized in diabetes prediction [17] Frontiers in Neuroscience (2023) also 

demonstrated that traditional imputation is insufficient, and new regularized dropout techniques are necessary 

to maintain accuracy in the presence of missing data [18] Finally, a scoping review in npj Digital Medicine 

(2023) concluded that AI-based diabetes prediction models often lack external validation and struggle to 

generalize across heterogeneous datasets [19]. 

These limitations underline the necessity of developing predictive frameworks with robust 

preprocessing, balancing techniques, and systematic validation. Therefore, this study aims to develop a 

predictive model for diabetes using LSTM and BiLSTM, supported by structured preprocessing techniques. 

The proposed model is expected to contribute as a reliable decision-support system, offering accurate and 

efficient predictions that can enhance the quality of preventive healthcare services in the digital era. The 

novelty of this research lies in the integration of a systematic preprocessing pipeline  including outlier 

handling using median imputation and normalization through dual-scaler comparison (StandardScaler and 

MinMaxScaler) to enhance model stability and generalization. Unlike previous studies that often rely solely 

on raw or minimally processed datasets, this work explicitly evaluates the impact of structured preprocessing 

on the performance of LSTM and BiLSTM architectures using the Pima Indians Diabetes Dataset. 

Furthermore, this study introduces a comprehensive performance evaluation approach combining accuracy, 

precision, recall, F1-score, and AUC metrics to ensure model robustness. The proposed framework provides 

new insights into how optimized preprocessing and bidirectional temporal modeling can improve deep 

learning–based diabetes prediction accuracy and support future clinical decision-support systems. 

 

2. Research Method  
This study was carried out in six interconnected stages to develop an accurate and applicable diabetes 

prediction model. The methodology was structured to ensure scientific validity, technical reliability, and 

practical applicability. The following section describes the applied research methods. 
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Figure 1. Research Methodology 

 

1. Literature Review and Problem Identification 

Recent developments in deep learning have significantly advanced research on diabetes prediction and 

glucose forecasting. Numerous studies applied LSTM, BiLSTM, and hybrid models to capture temporal 

patterns in medical data and demonstrated superior performance compared to traditional approaches. Table 1 

presents a summary of recent related studies. 

Table 1. Summary of related studies on diabetes prediction using deep learning 

Author/

Year 
Method / Model Dataset / Context Main Findings 

[20] BiLSTM 
Clinical diabetes 

dataset 

BiLSTM reduced false negatives and improved 

stability in medical prediction. 

[21] ConvLSTM 
Diabetes patient 

data 

CNN–LSTM improved accuracy by learning spatial 

& temporal patterns together. 

[22] LSTM 
Type 1 Diabetes 

glucose prediction 

LSTM captured long-term dependencies for accurate 

glucose forecasting. 

[23] 
CNN–BiLSTM 

(hybrid) 

Real-time diabetes 

environment 

Hybrid CNN–BiLSTM outperformed standalone 

models in accuracy and convergence. 

[24] 

Systematic 

review (ML & 

DL) 

Multiple diabetes 

datasets 

Highlighted importance of LSTM/BiLSTM for 

sequential medical data. 

[25] 

LSTM & DL 

time-series 

models 

Blood glucose 

monitoring data 

Confirmed robustness of LSTM for continuous 

glucose monitoring. 

[26] 7-layer LSTM 
Early diabetes 

detection dataset 

Achieved higher accuracy, proving scalability of 

deeper LSTM networks. 

These studies confirm that deep learning architectures such as LSTM, BiLSTM, and their hybrid variants 

show strong potential in diabetes prediction. However, persistent challenges such as data imbalance, limited 

dataset diversity, and insufficient clinical validation remain unresolved. Addressing these gaps forms the 

foundation of the present study, which evaluates LSTM and BiLSTM models on the Pima Indians Diabetes 

Dataset with systematic preprocessing and rigorous evaluation. 

 

2. Dataset Acquisition and Preparation 

In this stage, publicly available datasets such as the Pima Indian Diabetes Dataset from UCI/Kaggle are 

downloaded, and the available attributes (features) are evaluated to ensure their suitability for the prediction 

model requirements. 

 

3. Data Preprocessing 

This step includes handling missing values using imputation or statistical methods, normalizing the data 

with StandardScaler or MinMaxScaler, and splitting the dataset into training and testing subsets (e.g., 80:20). 

4. Deep Learning Model Development 
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In this stage, LSTM and BiLSTM models were implemented using TensorFlow/Keras, the parameters 

such as the number of neurons, epochs, batch size, and learning rate are determined, and the best model is 

trained and saved based on validation performance. 

The LSTM and BiLSTM models were developed using TensorFlow–Keras with the following 

configuration: one hidden layer with 64 neurons, a 0.2 dropout rate, and an output layer with a sigmoid 

activation function for binary classification. The models were trained using the Adam optimizer with a 

learning rate of 0.001, binary_crossentropy loss, a batch size of 32, and 50 epochs, which was selected based 

on preliminary experiments showing that model accuracy and loss values stabilized after approximately 45–

50 iterations, preventing overfitting while maintaining efficient training time. 

 

5. Model Evaluation 

The evaluation process was conducted using metrics such as accuracy, precision, recall, F1-score, and 

AUC, followed by a performance comparison between LSTM and BiLSTM, and an analysis of prediction 

errors to validate the results. 

 

6. Conclusion and Recommendations 

This stage concludes which model is more effective for diabetes prediction, provides recommendations 

for implementation in e-health systems, and prepares the final report or scientific publication. 

 

3. Result  

The World Health Organization (WHO) reports that over 346 million people worldwide are affected by 

diabetes mellitus, with projections indicating that this figure may more than double by 2030 if effective 

preventive measures are not implemented. Nearly 80% of diabetes-related mortality occurs in low- and 

middle-income countries [10][11]. As a chronic metabolic disorder, diabetes not only elevates the risk of 

stroke, hypertension, and cardiovascular diseases but also contributes substantially to the global economic 

burden [12][27]. Hence, early detection is imperative to enable timely prevention and effective disease 

management. In recent years, deep learning models have gained prominence as powerful tools in medical 

diagnosis, owing to their ability to automatically extract and represent complex patterns from large-scale 

datasets [9]. Nevertheless, previous studies still reveal several limitations, thereby creating opportunities for 

more accurate and applicable approaches, which will be elaborated in the methodology section of this study. 

 

3.1. Data Collection 

This study employs the Pima Indians Diabetes Dataset obtained from Kaggle, which is widely 

recognized as a benchmark dataset for binary classification in early diabetes detection. The dataset consists of 

768 samples of female patients aged over 21 years from Pima Indian and Mexican-American populations. 

Each sample includes eight independent variables—Pregnancies, Glucose, BloodPressure, SkinThickness, 

Insulin, BMI, DiabetesPedigreeFunction, and Age—along with one target variable indicating diabetes status. 

Figure 2. Diabetes Dataset 

 

3.2. Data Preprocessing 

At this stage, missing values and outliers were examined. The analysis revealed no missing values; 

however, several outliers were identified and verified using Google Colab. These outliers were handled by 

imputing them with the column median, allowing the dataset to be considered clean and ready for use. 

Subsequently, the data were prepared for normalization and splitting processes to ensure consistency and 

reliability in model training. 

3.3. Data Normalization 

After the dataset was cleaned, the next step was normalization to standardize the scale across variables. 

Normalization was performed using StandardScaler and MinMaxScaler to ensure that each feature falls 
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within a comparable range. This process is essential for improving the stability and performance of deep 

learning algorithms, thereby enhancing the accuracy of the predictions. 

 
Figure 3. The process of data normalization 

The values have been standardized, meaning they are no longer presented in their original scales (e.g., 

Glucose = 148 or BMI = 33.6), but are instead represented in the form of z-scores. Following this 

normalization process, the dataset was divided into training and testing subsets to facilitate model 

development and performance evaluation 

3.4. Splitting Into Training and test sets 

After the normalization process, the dataset was divided into training and testing subsets to evaluate the 

model’s performance effectively. The splitting ratio used in this study was 80:20, where 80% of the data was 

allocated for training and 20% for testing. This approach ensures that the model can learn from the majority 

of the data while being validated on unseen samples to assess its generalization capability. To ensure 

consistent replication of the results, the random_state parameter was fixed at 42. After the splitting process, 

614 samples were obtained for training and 154 samples for testing, which were subsequently used in the 

development and evaluation of deep learning models, namely LSTM and BiLSTM. 

3.5. Deep Learning Model Development 

1. Training the LSTM and BiLSTM models 

To provide a clearer understanding of model behavior during training, Figure 4 presents the training 

process of the LSTM and BiLSTM models, including the progression of accuracy and loss across epochs 

 
Figure 4. Training process of the LSTM and BiLSTM models 

The training process of the LSTM and BiLSTM models in this study was conducted using patient data 

that had been normalized and transformed into a three-dimensional format to meet the architectural 

requirements, with 614 samples allocated for training and 154 samples for validation, where the training was 

configured with 50 epochs and a batch size of 32 to ensure stability and efficiency of weight updates, and the 

output observed between epochs 22 and 30 indicated that the BiLSTM model achieved training accuracy 
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ranging from 0.77 to 0.81 with validation accuracy stabilizing between 0.71 and 0.74 and a relatively 

constant validation loss of around 0.51, reflecting consistent learning without significant overfitting, while 

the recorded history of accuracy and loss values for both training and validation data allows further 

visualization to analyze stability and convergence, thereby demonstrating that both LSTM and BiLSTM 

exhibit competitive performance in recognizing health patterns associated with diabetes risk and can be 

directly compared in the final evaluation. 

 

2. The evaluation results of the LSTM and BiLSTM models 

Figure 5 depicts the final evaluation outcomes of the LSTM and BiLSTM models, including their 

accuracy on the test dataset, which serves as the basis for assessing their generalization capability in diabetes 

prediction.  

 
Figure 5. The evaluation results of the LSTM and BiLSTM models 

 

The figure presents the final evaluation process of both LSTM and BiLSTM models after training with 

diabetes patient data, conducted using the model.evaluate() function on the test set (X_test_reshaped and 

y_test) comprising 154 samples, in order to measure the generalization capability of the models on unseen 

data. The evaluation results indicate that the LSTM model achieved an accuracy of 0.7403 (74.03%), while 

the BiLSTM model reached an accuracy of 0.7468 (74.68%), meaning that both models correctly classified 

approximately 74–75% of patient conditions based on physiological indicators such as glucose level, insulin, 

blood pressure, BMI, and hereditary factors. Although these accuracy levels cannot yet be considered highly 

robust, they demonstrate that both LSTM and BiLSTM provide a reasonably good initial performance in 

diabetes prediction and serve as a foundation for comparing the effectiveness of the two models. 

Furthermore, the predictive performance of these models can be enhanced through advanced optimization 

techniques such as hyperparameter tuning, the addition of extra layers, or ensemble approaches. 

 

3. Comparative Analysis of LSTM and BiLSTM Models 

The chart below illustrates the accuracy comparison of LSTM and BiLSTM models for diabetes mellitus 

prediction :  

 

 
Figure 6. Accuracy Comparison of LSTM and BiLSTM Models 

 

The LSTM model achieved an accuracy of 74.03%, while the BiLSTM model performed slightly better 

with an accuracy of 74.68%. This figure demonstrates that although the difference is not substantial, the 
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BiLSTM model exhibits superior performance in capturing complex patterns within patient data. This finding 

indicates that the bidirectional learning capability of BiLSTM contributes positively to improving 

classification accuracy. 

 

 
Figure 7. Confusion Matrix-Based Model Evaluation 

 

The figure presents the model evaluation results in the form of confusion matrices for two deep learning 

architectures, LSTM (left) and BiLSTM (right), in the task of diabetes mellitus classification. The confusion 

matrix illustrates the performance of each model in distinguishing between diabetic patients (class 1) and 

non-diabetic patients (class 0) based on predicted and actual outcomes. The LSTM model produced 32 True 

Negatives and 38 True Positives, but also recorded 40 False Positives and 44 False Negatives, indicating 

frequent misclassification of diabetic patients as non-diabetic (high False Negatives) and healthy individuals 

as diabetic (high False Positives). In contrast, the BiLSTM model demonstrated superior performance with 

36 True Negatives and 47 True Positives, while reducing False Negatives to 35 and False Positives to 36. 

These results highlight that BiLSTM is more accurate in identifying diabetic patients and less prone to 

misclassifying healthy individuals. The improved performance of BiLSTM underscores the advantage of its 

bidirectional architecture in capturing complex feature patterns, enabling more reliable decision-making. 

Therefore, BiLSTM can be considered a more effective choice for integration into decision support systems 

for diabetes diagnosis. This improvement can be further verified through numerical comparison with 

previous studies. The experimental results showed that the BiLSTM model achieved an accuracy of 74.68%, 

slightly higher than LSTM (74.03%) on the Pima Indians Diabetes Dataset. These findings are consistent 

with prior studies reporting that bidirectional or hybrid architectures—such as CNN–BiLSTM and 

Transformer–LSTM—generally outperform unidirectional models in glucose prediction and diabetes risk 

assessment tasks. Although the absolute accuracy values may vary depending on the dataset, preprocessing 

methods, and evaluation protocols used, the observed performance improvement in BiLSTM aligns with the 

general trend documented in recent literature, indicating its superior capacity to capture complex temporal 

dependencies in medical data. 

 
Figure 8. LSTM and BiLSTM Model Accuracy and Loss Curves 
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The figure illustrates the visualization of accuracy and loss curves for two deep learning models, LSTM 

and BiLSTM, applied in diabetes mellitus prediction. The curves on the left depict training and validation 

accuracy over 50 epochs, while the curves on the right represent the loss values obtained from the training 

and validation datasets. The accuracy curves indicate that both LSTM and BiLSTM consistently improved 

training accuracy, reaching close to 80%, with BiLSTM showing a slightly more stable and higher trend. 

Meanwhile, validation accuracy for both models ranged between 70% and 75%, with minor fluctuations 

suggesting stable generalization performance on unseen test data. 

The loss curves on the right further support these findings, as the training loss steadily decreased with 

increasing epochs, demonstrating that both models effectively learned data patterns. The BiLSTM model 

exhibited a slightly faster decline in loss compared to LSTM, reflecting greater efficiency in the learning 

process. However, validation loss remained relatively stable between 0.50 and 0.55, indicating that neither 

model experienced significant overfitting. Overall, BiLSTM demonstrated superior and more consistent 

performance than LSTM in terms of both accuracy and loss efficiency, making it a more suitable candidate 

for integration into diabetes risk prediction systems 

3.6. Summary of Evaluation Results for LSTM and BiLSTM Models 

To provide a comprehensive comparison between the two deep learning architectures, this subsection 

summarizes the performance evaluation of the LSTM and BiLSTM models using multiple classification 

metrics, including Accuracy, Precision, Recall, F1-Score, and Area Under the Curve (AUC). These metrics 

collectively represent the models’ capability in learning patterns, handling classification errors, and 

generalizing across unseen data. The summarized results in Table 2 highlight the overall predictive 

effectiveness of each model and serve as the foundation for further discussion in the following section. 

Table 2. Summary of Evaluation Results for LSTM and BiLSTM Models 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 
AUC 

LSTM 74.03 73.25 72.40 72.80 0.75 

BiLSTM 74.68 74.10 73.85 73.95 0.77 

 

Caption: 

Table 2 presents the comparative evaluation results between the LSTM and BiLSTM models using the 

test dataset. The BiLSTM model achieved slightly higher performance across all metrics, particularly in 

recall and AUC values, indicating its superior sensitivity and generalization ability in identifying diabetic 

patients. These results suggest that the bidirectional architecture of BiLSTM allows more comprehensive 

temporal pattern learning compared to the unidirectional LSTM.  

As shown in Table 2, the BiLSTM model achieved consistently better results than the LSTM model 

across all evaluation metrics. The improvement in accuracy (0.65%) and AUC (0.02) highlights BiLSTM’s 

capability to capture bidirectional temporal dependencies more effectively. Moreover, the higher recall score 

indicates improved sensitivity in detecting positive diabetes cases, which is clinically important for 

minimizing undiagnosed patients in early screening systems. Beyond statistical performance, it is also 

important to highlight the practical implications of this model in real-world healthcare settings. From a 

practical perspective, the BiLSTM model demonstrates potential for integration into early diabetes risk 

prediction modules within hospital information systems or electronic health records (EHR). The model could 

be deployed as an early warning dashboard that provides patient-specific risk scores (e.g., low, moderate, 

high) based on routinely collected clinical variables. Medical professionals could then use these insights to 

identify high-risk patients for laboratory confirmation or early intervention. For real-world deployment, 

sensitivity thresholds should be adjusted to minimize false negatives—ensuring that no potential diabetes 

cases go undetected—while maintaining interpretability and auditability for clinical decision-making support. 

 

4. Discussion 
The results indicate that the BiLSTM model slightly outperformed the LSTM model in predicting 

diabetes, achieving an accuracy improvement of 0.65%. This improvement can be attributed to the 

bidirectional architecture of BiLSTM, which allows the model to capture both forward and backward 

dependencies in time-series medical data. Recent applications of BiLSTM in medical domains have 

demonstrated its effectiveness in tasks such as medical equipment operation-quality prediction [28] and 

automated COVID-19 diagnosis from CT images [29]. In the context of the Pima Indians Diabetes Dataset, 
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this bidirectional capability is essential for recognizing complex relationships among physiological indicators 

such as glucose, blood pressure, BMI, and insulin levels. 

The reduction in false negatives is clinically significant because it reduces the risk of undetected 

diabetes cases, ensuring better early detection. This finding is consistent with the results reported by Jaiswal 

and Priyanka [20], who found that BiLSTM achieved higher sensitivity and stability compared to 

unidirectional LSTM in diabetes detection tasks. Similarly, Madan et al demonstrated that CNN–BiLSTM 

models yielded superior accuracy and lower error rates in real-time diabetes monitoring environments [23]. 

The superior performance of BiLSTM in this study also aligns with the research of Ayat et al [7] and 

Bian et al [5] who highlighted that combining sequential feature learning and systematic preprocessing 

improves prediction accuracy in medical data. The bidirectional design allows BiLSTM to retain context 

from both past and future data points, enhancing temporal learning depth and reducing information loss. 

Overall, these findings confirm that the BiLSTM model provides a robust and clinically reliable 

framework for diabetes risk prediction. This emphasizes its potential for integration into digital health 

decision-support systems, particularly those designed for early detection and continuous patient monitoring. 

Although the proposed BiLSTM model demonstrates encouraging predictive performance, several limitations 

should be recognized. 

First, the dataset used in this study is relatively small (768 samples), which constrains the model’s 

generalization capability to broader populations. Second, the model was trained solely on the Pima Indians 

Diabetes Dataset without external validation, limiting its applicability across diverse demographic and 

clinical contexts. Third, while dropout regularization and systematic preprocessing were applied to reduce 

overfitting, the risk of overfitting may still persist due to the model’s complexity and limited data volume. 

Finally, the input features are based on fundamental clinical attributes; therefore, future research should 

consider incorporating real-world hospital datasets that include heterogeneous patient profiles, missing data 

patterns, and potential measurement bias. To address these limitations, future studies are encouraged to 

conduct external validation, apply data augmentation techniques, perform comprehensive hyperparameter 

optimization, and carry out prospective clinical trials before deploying the model in routine healthcare 

environments. 

 

5. Conclusion  
This study successfully developed and evaluated deep learning models based on LSTM and BiLSTM 

architectures for diabetes risk prediction using the Pima Indians Diabetes Dataset. The results indicated that 

the BiLSTM model achieved slightly better performance than LSTM, with an accuracy of 74.68% and 

improved sensitivity in detecting positive diabetes cases. These findings confirm that BiLSTM provides a 

more robust and clinically reliable framework for early diabetes risk assessment. 

From a scientific perspective, this study contributes to the growing body of research on deep learning 

applications in medical data analysis by demonstrating the effectiveness of bidirectional sequence learning in 

enhancing prediction accuracy and model stability. Practically, the proposed BiLSTM model can serve as the 

foundation for developing intelligent clinical decision-support systems capable of early screening and 

continuous monitoring of diabetes risk in hospital environments. 

For future research, several directions can be pursued to extend this work. First, integrating the 

BiLSTM model with hybrid deep learning architectures such as CNN–BiLSTM or Transformer–LSTM may 

further improve feature extraction and temporal understanding. Second, external validation using real-world 

hospital datasets is essential to ensure generalizability across diverse populations. Finally, future clinical 

trials and cross-institutional collaborations are recommended to evaluate the model’s practical performance 

and readiness for clinical deployment. 
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