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Abstract:

Diabetes is a developing global health concern that necessitates the creation of precise and reliable diagnostic
technologies. This paper provides an innovative predictive modelling framework that combines the strengths of
SVM (Support Vector Machine) and DL (Deep Learning) improve diagnosis of diabetic. The suggested hybrid
strategy combines enhanced feature engineering, which uses domain-specific knowledge to generate new
features, with dimensionality reduction approaches to develop the input data. Normalizing the data in consistent
manner ensures the model's stability and scalability across varied patient datasets.

In this system, the principal classifier is Support Vector Machine, which is well-known for its ability to handle
high-dimensional data. To increase its analytical capability, we include a DL (Deep Learning) model that
notices complicated, non-linear relationships in the data. The framework also investigates the usage of transfer
learning, in which features taken from pre- trained DL (Deep Learning) representations are fed into a Support
Vector Machine, allowing the model to benefit from high-level abstractions in the data. The hybrid model is
intended for real-time use, making quick and accurate predictions in clinical contexts. To address the important
need for explainability in medical diagnostics, we use model-agnostic interpretability approaches like SHAP and
LIME to identify the elements that influence the model's predictions. This ensures that healthcare practitioners
can trust and comprehend the model's results. The study results show that the hybrid Support Vector Machine-
Deep Learning architecture considerably increases the accuracy and reliability of diabetic diagnosis when
compared to standard approaches. This approach provides a viable alternative for tailored and successful
diabetes management that might be adopted in real-world healthcare systems.

Keywords: Hybrid Model, Feature Engineering, Dimensionality Reduction, Transfer Learning, Model
Interpretability, Predictive Modelling.

1. Introduction:

Diabetes is the most widespread chronic diseases globally, impacting over 463 million adults as of 2019, and is
projected to affect 700 million by 2045. In the (USA) United States alone, over 34 million people, or
approximately 10.5% of the population, are living with diabetes. The disease is a major contributor to morbidity
and mortality, contributing to complications such as cardiovascular disease, neuropathy, retinopathy, and kidney
failure. Early and accurate diagnosis is difficult for effective management and treatment, Since early
intervention can decrease the risk of severe complications and enhance the value of life for patients.

Traditional diabetes diagnostic procedures frequently use fasting blood glucose readings, HbAlc assays, and
oral glucose tolerance tests. Even these procedures are successful, they necessitate manual interpretation by
healthcare experts, which can be time-consuming and subject to human error. With the increased availability of
large-scale health data and advances in computer capacity, there is a growing interest in using ML (Machine
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Learning) and deep learning technologies to improve advanced prediction models for diabetes diagnosis. [1]
These models offer the ability to automate the diagnostic process, lowering human error and producing more
consistent and reliable outcomes.

Support Vector Machines (SVM), a well-known machine learning method, has demonstrated particularly
promising results in binary classification problems like diabetes diagnosis. SVMs are effective at managing
high-dimensional data and can establish optimal decision boundaries, those are appropriate for complex medical
datasets. However, SVMs are fundamentally linear models, which may bounds their ability to properly capture
the non-linear connections found in medical data. DL (Deep learning) models, especially neural networks, are
ideal for detecting and learning from complicated patterns in huge datasets. [3] They excel in modelling non-
linear correlations and interacts between the variables by making them ideal for jobs involving complex data
structures such as diabetic diagnosis.

This work introduces an innovative hybrid analytical modelling framework that combines the strengths of SVM
and deep learning to improve accuracy and reliability of diabetic diagnosis. The hybrid approach leverages
advanced feature engineering and dimensionality reduction techniques to pre-process the data, ensuring that
both the SVM and deep learning models receive high-quality input. By integrating these two models, the
framework aims to capture both linear and non-linear relationships in the data, thereby improving diagnostic
performance. A significant aspect of this framework is the standardization of the data processing pipeline, which
ensures consistency across different datasets and facilitates the model's deployment in real-world clinical
settings. Additionally, the hybrid model incorporates transfer learning, using pre-trained DL (Deep Learning)
models to fetch out features those are then provided into the SVM. This combination allows most advantage of
the deep learning model's ability to capture complex patterns while retaining the SVM strength in classification.

Moreover, it addresses the critical need for explainability in medical diagnostics by employing model-agnostic
interpretability techniques such as SHAP (SHapley Additive exPlanations) and LIME (Local Interpretable
Model-agnostic Explanations). These methods help elucidate the factors that impact the model's predictions,
make sure that the healthcare professionals trust’s and recognize the outputs. The proposed hybrid framework is
designed for real-time application, enabling quick and accurate diabetic diagnosis. [2] By integrating the
predictive power of SVM with the DL (Deep Learning) model's ability to manage complex data, this approach
offers a robust a solution that not only boosts diagnostic accuracy but also enhances the transparency and
interpretability of the decision-making process. With the global burden of diabetes continuing to rise, this
approach enhances patient outcomes and helps the healthcare professionals in delivering more personalized and
effective care.

2. Literature Review

The application of ML (Machine Learning) in healthcare, particularly for chronic disease detection, has
advanced significantly in recent years. Diabetes, being a main health issue, has been a key focus for researchers
looking to build accurate and reliable diagnosis models. This review focuses on major works that have enhanced
our accepting and creation of prediction models for diabetic diagnosis through SVM, deep learning, and hybrid
techniques.

2.1 SVM in Diabetic Diagnosis

SVM has gained widespread popularity in the realm of medical diagnostics, especially for tasks involving
binary classification, such as diabetic diagnosis. The robustness of SVM in handling high-dimensional datasets
and its effectiveness in finding optimal decision boundaries have made it a favoured choice for many
researchers.

One of the early studies by Kavakiotis et al. (2017) offered a thorough review of ML methods in diabetes
research, highlighting the efficacy predicting both Type 1 and Type 2 diabetes by SVM. [4] The study
emphasized that SVM model ability to manage high-dimensional spaces without overfitting, particularly when
paired with kernel methods, makes it well-suited for medical datasets.
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Liu et al. (2019) elaborated a predictive model for diabetes by integrating SVM with feature selection
techniques such as Recursive Feature Elimination (RFE). [5] The study showed that using RFE to choose the
most pertinent features significantly improved the model's accuracy and interpretability. The grouping of SVM
(Support Vector Machine) pooled with feature choice methods allowed the model to concentrate on the most
essential factors influencing diabetes, leading to better diagnostic performance.

Xu et al. (2019) applied SVM in a large-scale population study aimed at predicting the risk of diabetes in a
Chinese cohort. [6] The study used SVM with a RBF (Radial Basis Function) kernel to capture the non-linear
relationships within the dataset. The model achieved high accuracy and demonstrated that SVM could
effectively handle large, diverse datasets, making it suitable for population-level risk prediction.

In a comparative study, Ma et al. (2018) evaluated performance of the SVM compared to other ML (Machine
Learning) algorithms such as Random Forest, k-Nearest Neighbours (k-NN), and Logistic Regression for
diabetic diagnosis [7]. The SVM consistently outperformed other models like accuracy, precision, and recall,
particularly when the information was properly normalized and feature scaling was applied, and it has the
capability to handle both linear and nonlinear data for medical diagnosis.

SVM has also been utilized in detecting diabetic complications such as retinopathy. Acharya et al. (2015)
utilized SVM to classify DR (Diabetic Retinopathy) stages using online fundus images. By employing wavelet-
based feature extraction combined with SVM, achieved high sensitivity and specificity, demonstrating its
possibility for early recognition of diabetic complications. [8]

A study by Pradhan et al. (2020) explored the usage of SVM with the combination of other ML (Machine
Learning) techniques to upgrade diabetic diagnosis. [9] They proposed a hybrid model that integrated with
Genetic Algorithms (GA) for feature selection, leading to enhanced model accuracy. The hybrid approach
allowed to operate more efficiently by focusing on the most informative features, reducing the computational
complexity and improving diagnostic performance.

In the field of gestational diabetes, Wu et al. (2019) applied SVM to forecast the threat of gestational diabetes
mellitus (GDM) in pregnant women. [10] This utilized a dataset comprising demographic, clinical, and
biochemical data, demonstrating that SVM could effectively identify women at risk of GDM. The use of SVM
(Support Vector Machine) in this situation highlighted its adaptability to various forms of diabetes and its
applicability beyond various stages of the disease.

2.2 DL (Deep Learning) Models for the Diabetic Diagnosis

DL (Deep Learning) has acquired popularity in medical diagnostics because of its capability to learn from
enormous datasets and model complicated, nonlinear patterns. Wang et al. (2019) investigated the use of CNN
(Convolutional Neural Networks) for diabetic retinopathy identification, demonstrating higher accuracy than
traditional ML (Machine Learning) methods. [11] Similarly, Cheung et al. (2018) created a DNN (Deep Neural
Network) model to predict diabetes using EHR (Electronic Health Records). This revealed that DNNs could
efficiently detect subtle patterns in data, resulting in more accurate predictions. [12] However, these type of
models are commonly criticized for their "black-box" character, which makes interpreting predictions difficult,
which is especially problematic in medical application.

2.3 Feature Engineering and Transfer Learning in Hybrid Models

The success of hybrid models depends heavily on feature engineering. Gao et al. (2019) found that sophisticated
feature engineering strategies, such as polynomial feature expansion and interaction terms, greatly enhanced the
presentation of SVM models for diabetic diagnosis. [13] Furthermore, Li et al. (2021) investigated use of
Transfer Learning (TL) to exploit pre-trained DL (Deep Learning) models for extraction of features in a hybrid
SVM-deep learning framework. [14] These findings recommend that TL (Transfer Learning) could improve the
model's ability to generalize across multiple datasets, hence increasing diagnostic accuracy.
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3. Methodology:

Figure 1 depicts the suggested model for diabetic diagnosis, which integrates CNNs for feature extraction and
SVMs for classification architecture. This architecture is intended to handle a variety of clinical data types while
providing robust and reliable predictions.

3.1 Dataset Collection

The MIMIC-III Clinical Database is a large-scale, de-identified dataset of health records from the patients
admitted to intensive care units (ICUs) at BIDMC (Beth Israel Deaconess Medical Centre), as shown in Table 1.
[15] An outstanding resource for researchers studying critical care, epidemiology, and machine learning.

Table 1: MIMIC-I111 Clinical Database

Table Name Attributes Description

patient_id, gender, dob, dod, admission_type,

PATIENTS discharge_location Patient demographic information
stay_id, patient_id, admission_type,
ICUSTAYS discharge_location, start_time, end_time Information about ICU stays

Time-series data on medications ,vital

CHARTEVENTS itemid, value, valueuom, timestamp, charttime signs, laboratory tests etc.

LABEVENTS labid, value, valueuom, timestamp, charttime Laboratory test results

DIAGNOSES stay_id, diagnosis_id, icd9_code ICD-9 codes for diagnoses

PROCEDURES  stay_id, procedure_id, icd9_code ICD-9 codes for procedures
admission_id, patient_id, admission_type,

ADMISSIONS discharge_location, admission_date Information about hospital admissions

Data on outputs like urine output or

OUTPUTEVENTS stay_id, output_type, value, timestamp drainage

Data on inputs like 1V fluids or
INEVENTS stay_id, in_type, value, timestamp medications
CAREGIVERS caregiver_id, name, role Information about caregivers

3.2 Data Pre-processing

The MIMIC-I11I Clinical Database is a resource for research in healthcare and machine learning. It comprises a
huge number of de-identified medical records from ICU (Intensive Care Units) patients, including vital signs,
demographics, lab tests, medications, and outcomes. For analysis, it must be pre-processed utilizing techniques
such as handling missing values, outlier identification, normalization, feature engineering, and data balancing.
Addressing these pre-processing processes will improve the quality of data, increase model performance, and
ensure that your model is resilient and generalizable for applications such as diabetic diagnosis.
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3.3 DL (Deep Learning) Model Architecture
3.3.1 CNN (Convolutional Neural Network) for Feature Extraction

In the hybrid model for diabetic diagnosis, the CNN serves as a powerful feature extraction tool, expert at
identifying and capturing complex patterns within raw clinical data. [16] Specifically created to handle time-
series data information like vital signs, glucose levels, and other physiological measurements, the CNN
automatically learns to detect relevant features without the need for manual engineering. By applying multiple
convolutional layers, the CNN extracts hierarchical features, ranging from simple patterns to more intricate
relationships crucial for accurate classification. These features are transformed into a structured representation
that serves as input to the SVM for final classification. The CNN’s ability to efficiently and effectively extract
features from high-dimensional, noisy data makes it an essential component of the hybrid model, enhancing the
overall predictive accuracy and robustness in diagnosing diabetes.

Deep Learning Model Architecture
Data Source Layer
S Pre-Processing
el ey ph Data Balancing  Feature Extraction  model Analysis
MIMIC-Il > _Handling
Clinical Missing Values : |
Database Feature Convolutional ; :
> Engineering [—* Neural Network ) Diagnosis
Normalization Hybrid Model of
Model |Interpretability Diabetes
o A 4
T Support Vector >
Machine i

Figure 1: DL (Deep Learning) Model Architecture
3.3.2 SVM for Classification:

The SVM in the projected hybrid model is a key component responsible for classifying whether a patient is
diabetic or non-diabetic based on extracted features by a CNN. The SVM works by finding the optimal
hyperplane that separates the data into two classes, maximizing the margin between them. It utilizes support
vectors, the critical data points closest to the hyperplane, to define this boundary.

To handle non-linear data, SVM uses various kernel functions, such as the RBF, which maps the data into a
higher-dimensional space where it becomes linearly separable. During training, the SVM learns to balance
maximizing the margin and minimizing classification errors. Once trained, the SVM makes predictions by
determining on which aspect of the hyperplane a new input feature vector lies. It is very accurate, robust against
outliers, and versatile because of its capability to use different kernels, making it an effective choice for binary
classification tasks in complex datasets like those used in diabetic diagnosis.

3.3.3 Integration and Hybrid Model Architecture:

The integration of CNN and SVM in the hybrid model architecture for diabetic diagnosis is designed to leverage
the advantages of both deep learning and traditional ML approaches. The CNN is used to extract complex
features from raw time-series data automatically, like vital signs and lab results, capturing intricate temporal
patterns that might be overlooked by conventional methods. These extracted features are combined with
structured data inputs, forming a comprehensive feature set that represents the patient’s clinical profile.

The SVM, known for its robustness and accuracy in classification tasks, is utilized to process this rich feature
set. By employing kernel functions, the SVM effectively handles the non-linear relationships within the data,
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ensuring the model is able to accurately distinguish between diabetic and non-diabetic cases. The
implementation of CNN & SVM in this hybrid architecture results in a powerful and flexible model that not
only improves predictive accuracy but also provides interpretability and robustness, making it particularly
appropriate for real-world clinical applications in diabetic diagnosis. [17]

3.3.4 Model Interpretability

Model interpretability is an essential component of the hybrid CNN-SVM model for diabetic diagnosis, as it
guarantees that the model's decisions can be understood and trusted by healthcare professionals. SHAP provides
a unified measure of feature importance by calculating the impact of every feature to the model's output. It does
this by considering the impact of including or excluding each feature in the prediction process across different
model predictions. This allows us to identify which features (such as age, glucose levels, or blood pressure)
most significantly affect the model's decision to classify a patient as diabetic or non-diabetic.

LIME works by generating locally interpretable models around each prediction. It perturbs the input data
slightly and observes the resulting changes in the model's predictions, thereby creating a simplified,
interpretable model (usually a linear model) that approximates the behaviour of the complex model in the
vicinity of a specific prediction. This helps in understanding why the model made a particular decision for an
individual case. By applying these interpretability techniques, the study not only achieves high predictive
accuracy but also ensures that the reasoning behind each prediction is transparent and understandable. This is
crucial in clinical settings, where healthcare professionals need to trust and comprehend the model's decisions to
make informed, patient-centred care decisions.

3.3.5 Hyperparameter tuning

Hyperparameter tuning is a vital process in optimizing the hybrid CNN-SVM model for diabetic diagnosis,
involving the adjustment of key parameters to enhance model performance. For the CNN, this includes tuning
the learning rate to balance convergence speed and precision, selecting the appropriate number of filters and
kernel sizes to capture relevant features, and adjusting the dropout rate to prevent overfitting. In the SVM,
hyperparameters such as the regularization parameter (C) and the choice of kernel type are fine-tuned to achieve
the optimal trade-off between margin maximization and classification accuracy. Additionally, for the RBF
kernel, the gamma parameter is tuned to control the flexibility of the decision boundary. Through techniques
like grid search and cross-validation, the best combination of hyperparameters is identified, ensuring that the
model generalizes well to unseen data and delivers high accuracy in predicting diabetic cases.

4, Results and Discussion:

The hybrid CNN-SVM model for diabetic diagnosis demonstrates promising results, reflecting the effectiveness
of combining deep learning and traditional machine learning techniques. The key metrics for the hybrid model,
and baseline models, are listed in Table 2.

4.1 Accuracy and Performance Metrics

. Precision: The model consistently delivered high precision, indicating a low rate of false positives.
This is crucial in a clinical setting where misdiagnosis can lead to unnecessary treatments.

. Recall: The model also showed strong recall, ensuring that most actual diabetic cases were correctly
identified. High recall is important to reduce the risk of missing a diagnosis.

. F1-Score: The F1-score, which balances precision and recall, was high, reflecting the model’s overall
effectiveness in classifying diabetic and non-diabetic cases.

. ROC Curve: The Receiver Operating Characteristic (ROC) curve is a graphical representation used to
assess the act of a binary classifier, such as the hybrid CNN-SVM model in this diabetic diagnosis application. It
plots the rate of True Positives (TPR) against the rate of False Positives (FPR) at various threshold settings. The
area under the ROC curve (AUC-ROC) represents a single scalar value that summarizes the overall
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effectiveness of the model, with an AUC of 1 indicating perfect classification and an AUC of 0.5 representing
random guessing.

Table 2: Model Performance Metrics

Model Accuracy Precision Recall F1-Score AUC-ROC
Logistic Regression 0.85 0.84 0.82 0.83 0.87
Decision Tree 0.82 0.80 0.81 0.80 0.85
SVM (Linear Kernel) 0.88 0.86 0.84 0.85 0.90
CNN 0.91 0.89 0.87 0.88 0.92
ZID):'k;g:sed) CNN-SVM 0.93 0.90 0.89 0.89 0.95

The hybrid CNN-SVM model achieved the highest accuracy of 93%, significantly outperforming standalone
models like Logistic Regression and Decision Trees, as shown in Figure 2. The F1-Score of 0.89 and an AUC-
ROC of 0.95 indicate that the hybrid model not only accurately classifies diabetic and non-diabetic patients but
also has a robust ability to discriminate between the two classes across different thresholds.
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Figure 2: Hybrid CNN-SVM model
4.2 Analysis of Model Performance

The hybrid CNN-SVM model demonstrates a substantial improvement in performance metrics linked to
traditional machine learning models and stand-alone deep learning approaches. The combination leverages
CNN's ability to extract complex characteristics from the input data and SVM's strength in effectively
classifying those features, especially in cases where the data is linearly separable after feature transformation.
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4.3 Comparison with Existing Work

The results of this work align with and expand upon the findings of compared methods which also explored a
hybrid approach combining SVM with deep learning. However, our proposed model demonstrates higher
accuracy and robustness, that can be credited to more sophisticated feature extraction through a deeper CNN
architecture and a more thorough hyperparameter optimization process. This work not only confirms the worth
of hybrid models but also emphasizes the importance of fine-tuning model architectures and parameters to
maximize performance.

5. Conclusion:

This work introduces a robust hybrid model that integrates CNN with SVM to enhance the predictive accuracy
of diabetic diagnosis using the MIMIC-III Clinical Database. The projected model effectively influences the
strengths of both deep learning and traditional machine learning techniques, CNNs for their ability to extract
intricate features from complex medical data and SVMs for their superior performance in classification tasks,
particularly in scenarios where the data is linearly separable after feature transformation.

The hybrid CNN-SVM model demonstrated significant improvements in important performance metrics, such
as accuracy, precision, recall, and AUC-ROC, surpassing traditional machine learning models and standalone
deep learning architectures. This model’s ability to reduce false negatives is particularly noteworthy, given the
critical importance of early and accurate diabetes detection in clinical settings. To further enhance the model's
transparency and trustworthiness, interpretability methods like SHAP and LIME were employed. These
techniques elucidated the elements affecting the model's predictions, offering healthcare professionals with clear
understandings into the reasoning behind each diagnosis.

The application of the MIMIC-I11 dataset provided a comprehensive and diverse set of clinical data, enabling the
development of a model that is not only extremely precise but also broadly applicable in real-world medical
environments. The rigorous data preprocessing, feature extraction and hyperparameter tuning processes were
integral to achieving the model’s high performance and ensuring its generalizability across different patient
populations. This work lays a foundation for continued advancements in machine learning applications within
healthcare, with the definitive goal of enhancing patient outcomes through more precise and timely diagnoses.
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