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Abstract: Diabetes is a chronic illness that needs the most accurate and efficient predictive algorithms for early 
detection and management. This paper utilizes Support Vector Machine (SVM) and Long Short-Term Memory 
(LSTM) networks to predict diabetes from the Pima Indians Diabetes dataset. The model takes an enhancement 
through genetic algorithms that optimize hyperparameters using HPO. The SVM model was tested with four kernel 
functions, which included linear, polynomial, radial basis function (RBF), and sigmoid, while LSTM model training 
occurred with Adam, SGD, and RMSprop optimizers. The data preparation process began by handling missing value 
cases, applying feature scaling, and adjusting the unbalanced data classes after dividing the dataset for training 70% 
and testing 30%. The experimental outcomes validate the HPO method as a practical improvement for prediction 
accuracy. Both optimized SVM models using RBF kernel and LSTM model with Adam optimizer produced high 
accuracy rates, but the SVM model delivered 94%, and the LSTM model reached 90%. This study's findings highlight 
improved machine learning by optimization methods for enhancing diabetes prediction precision, which supports the 
development of trustworthy diagnostic healthcare instruments. 
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1. INTRODUCTION 
Diabetes is a worldwide health emergency because it currently affects about 537 million adults aged 20 to 
79 years, and experts forecast this number will rise to 643 million by 2030 and continue to increase to 
783 million by 2045 [1]. The world faces a global health emergency due to diabetes because the condition 
stands among the top disease causes of death, resulting in 6.7 million deaths in 2021. The current 
diagnosis methods essentially use clinical tests together with physician examinations for early-stage 
diabetes detection, but they are slow and expensive, with sometimes irregular accuracy levels. This issue 
has prompted a growing interest in machine learning (ML) and deep learning (DL) algorithms for diabetes 
detection, offering higher accuracy, scalability, and automation in diagnosis [2]. 
The two diabetes types are type 1, which shows insulin deficiency, and type 2, which demonstrates insulin 
resistance. A diabetes condition without proper control results in multiple severe complications that 
include cardiovascular disease and neuropathy, nephropathy, and retinopathy. The number of individuals 
affected by diabetes climbed dramatically between 1980, when WHO reported 108 million diabetics, and 
2014, when WHO recorded 422 million patients, according to their reports [3]. The continuous 
development of diabetes and its multiple risk elements results in traditional statistical methods becoming 
unable to track data because of non-linear patterns. This has led to the detection of artificial intelligence-
driven models for more accurate illness prediction and risk stratification. 
ML and DL trends top in set of fields such as medical fields [4], [5], agriculture [6], [7], geographical [8], 
[9], [10], and others. SVMs, and LSTM networks, have become top-performing techniques for healthcare 
solutions. The SVM system efficiently analyzes high-dimensional datasets with non-linear relationships 
while allowing LSTM to extract long-term dependencies from sequential medical records suitable for 
departmental use for patient record analysis. However, the performance of these models is highly 
dependent on hyperparameter selection, which, if not optimized, can lead to suboptimal generalization 
and lower predictive accuracy. 
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This paper employs a GA-based hyperparameter optimization system to increase the accuracy of SVM and 
LSTM models as addressing solutions for this challenge. Related studies used traditional methods of grid 
search and random search to find hyperparameters, but both methods suffer from high computation time 
and often converge near local optimal solutions. GA benefits from natural selection and evolutionary 
principles to establish an effective search procedure that locates the highest-performing hyperparameter 
configurations that help achieve better model robustness and generalization. 
This study uses the PIDD benchmark as its dataset for diabetes prediction analysis. It compares linear 
and polynomial SVM kernels, RBF kernels, and sigmoid kernels to three LSTM optimizers (Adam, 
RMSprop, and SGD) under both non-optimized and optimized hyperparameter conditions. This paper 
aims to use SVM and LSTM for diabetes predictions through Genetic Algorithm-based hyperparameter 
optimization to create an accurate and robust predictive model. 
 
2. RELATED WORK 
Rajendra & Latif. (2021) suggested a predictive model incorporating diagnostics obtained from the PIMA 
and Vanderbilt datasets. This paper used logistic regression as its core model, feature selection was done 
in two ways, and ensemble techniques were used to improve predictions beyond single-model 
performance. The experiments achieved a 78% accuracy for Dataset 1 through the Max Voting ensemble 
and 93% accuracy for Dataset 2 through the Max Voting and Stacking ensemble. The algorithm's accuracy 
was significantly enhanced compared to a single model [11]. 
The authors Driouich et al. (2024) proposed an FSVM called SMOTE Density Based Fuzzy Support 
Vector Machine (SMOTE-DB-FSVM) as a classification model based on FSVM to improve diabetes 
detection. This methodology includes five fundamental procedures, starting with data cleaning followed 
by density-based filtering, then feature selection for identifying key attributes, assessing confidence scores 
of minority class points, and concluding with using SMOTE to balance the data. A comparison of various 
kernel function versions in the SVM model was made to maximize classification results through 
metaheuristic estimation of kernel parameters. The accuracy rates reached 91.31% by SMOTE-DB-FSVM 
for detecting diabetes in its early stages [12]. 
The PIMA Indian feature dataset received training from Shams et al.(2025) through the utilization of 
Random Forest (RF), Logistic Regression (LR), K-Nearest neighbor (KNN), Naïve Bayes (NB), Histogram 
Gradient Boost (HGB) and Gated Recurrent Unit (GRU) machine learning models.  The researchers 
employed RFE-GRU as a novel method to identify PIDD. RFE is important for feature selection in the 
training dataset, as features contribute to successfully predicting the target. At the same time, the GRU 
handles the challenge of vanishing and inflating the gradient of the features resulting from RFE. The 
RFE-GRU model achieved high precision, recall, F1-score, accuracy, and Area Under the Curve (AUC), 
achieving 90.50%, 90.70%, 90.50%, 90.70%, and 92.78%, respectively [13]. 
In 2025, researchers introduced a deep learning method for early diabetes detection using a PIMA dataset 
containing numerical values. The method converts numerical data into images based on the robust 
representation of CNN models. Three classification strategies are applied to the resulting diabetes image 
data: feeding diabetes images into ResNet18 and ResNet50 CNN models, fusing deep features of ResNet 
models with support vector machines (SVM), and selecting fusion features classified by SVM. The 
classification accuracy using the SVM/cubic model with 500 selected features was 92.19% [14]. 
Gill et al. (2022) aimed to develop a classifier and compare various data mining techniques based on their 
accuracy in detecting diabetes based on various symptoms and features. Machine learning methods were 
used on the diabetes dataset, available through the Biostatistics program at Vanderbilt. Using a genetic 
algorithm as a feature selection method and a Random Forest for classification yielded the highest 
accuracy of 93.95% [15]. 
According to Naseem et al. (2022), six Machine learning techniques like Recurrent Neural Network 
(RNN), Convolutional Neural Network (CNN), Support Vector Machine (SVM), Logistic Regression, 
Artificial Neural Network (ANN), and Long Short-Term Memory (LSTM) were adopted to detect deadly 
illnesses. They capture the model's performance using accuracy, precision, recall, and F score. Among 
algorithms, RNN performs best compared to other algorithms, with an F score of 65%, accuracy of 81%, 
and precision of 75%. However, recall is higher with the ANN model, which is 56%. With this patient 
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health monitoring system's implementation, physicians can diagnose the disease early [16]. 
Srinivasu et al. (2022) created a novel technique to forecast type 2 diabetes using portions of genomic 
DNA. They implemented automated matching and feature selection processes to correlate specific gene 
profiles with the training set. The model was validated with tabular information and tested with an 
artificial intelligence model with recurrent neural network (RNN), long short-term memory (LSTM), and 
gated recurrent units (GRU) components. The model produced moderate performance, in the accuracy 
RNN and LSTM combined with weight optimization performed the best Accuracy: 81.0%, Sensitivity: 
81.5%, Specificity: 79.3%, F1-Score: 0.856 and MCC: 0.568 [17]. 
Khademi et al. (2022) suggested various approaches to diagnose it, so classification is one of the primary 
methods. An ensemble classifier was used to apply support vector machine (SVM), k-nearest neighbour 
(KNN), and whale optimization algorithm (WOA). WOA creates weights for every classifier to increase 
the accuracy of diabetes classifications. According to the implementation findings, the intended ensemble 
classifier attained an accuracy rate of 83% [18]. 
Table 1 show summery results of related works. 

Table 1: Results of Related Works 
Ref Dataset model Accuracy 

[11] PIMA and 
Vanderbilt 

Logistic Regression, ensemble 
techniques- Max Voting, and Stacking 

ensemble techniques=  78% 
for Dataset 1, achieved with 

Dataset2 = 93% 
[12] PIMA SOMTE-DB-FSVM SOMTE-DB-FSVM= 91.31 
[13] PIMA Random Forest (RF), Logistic 

Regression (LR), K-Nearest neighbor 
(KNN), Naïve Bayes (NB), Histogram 
Gradient Boost (HGB), and Gated 
Recurrent Unit (GRU), Recursive 

Feature Elimination GRU (RFE-GRU) 

RFE-GRU= 90.70% 

[14] PIMA ResNet18 , ResNet50 CNN, SVM SVM/cubic model with 500 
selected features = 92.19% 

[15] PIMA genetic algorithm with random forest GA+RF= 93.95% 
[16] PIMA Support Vector Machine (SVM), 

Logistic Regression, Artificial Neural 
Network (ANN),  Convolutional 

Neural Network (CNN), Recurrent 
Neural Network (RNN) and Long 

Short-Term Memory (LSTM) 

RNN=81% 

[17] PIMA Recurrent Neural Network (RNN) 
components, Long Short-Term Memory 

(LSTM), and Gated Recurrent Units 
(GRU) 

RNN+LSTM(WO)= 81% 

[18] Private ensemble classifier to apply support 
vector machine (SVM), k-nearest 

neighbor (KNN), and whale 
optimization algorithm (WOA) 

ensemble classifier+ 
WOE=83% 

3. METHODOLOGY 
Our methodology consists of a set of phases: dataset collection, processing, models for prediction, 
enhancement of models using genetic algorithms for hyperparameters optimization, evaluation of models, 
and comparison between them, as shown in Figure 1. 
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Figure 1: Methodology of Study 

3.1 Phase1: Dataset Description 
The dataset used in this research is PIMA. The PIMA Diabetes Database is a commonly used dataset for 
predicting diabetes [19]. This dataset consists of 768 rows and 9 columns. The features in the columns 
are glucose, pregnancy, skin thickness, blood pressure, BMI, insulin, age, and results. The dataset label 
distribution appears in Figure 2. The outcome variable predicts the patient's diabetes status since it 
determines whether someone has diabetes or not. The information can be viewed and used in files that 
employ the CSV file format. The PIMA dataset functions as the most comprehensive dataset for diabetes 
prediction. A wide range of characteristics from more than 8,000 people enables this study to deliver 
accurate, current health and lifestyle information. Researchers can depend on this dataset because 
scientists have extensively tested and verified it to predict diabetes. 
 

 
Figure 2: Number of Each Class in PIMA 

The predictive glucose values, pregnancy, skin thickness, blood pressure, BMI, insulin, and age values 
appear in Figure 3. 

 
Figure 3: The Predictive Values of Features 

The correlation matrix between diabetes diagnosis parameters is as shown Figure 4. 
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Figure 4:  Correlation Matrix for PIMA 

 
3.2 Phase 2: Preprocessing 
Standard data preparation methods that apply to the Pima Indians Diabetes dataset clean up the datasets 
before entering the model. A result with a binary value (0= no diabetes, 1= diabetes) and numerical values 
make up the dataset. The usual procedures for preprocessing are as follows: 
3.2.1 Handling Missing Values 
Many things may need to be fixed with data input, such as broken machinery or unfinished surveys, all 
of which can lead to missing values in a dataset. Machine learning relies heavily on handling missing 
variables properly, as they have the potential to impact model performance [20]. Although there are no 
obvious missing values in the Pima dataset, characteristics such as Glucose, Blood Pressure, Skin 
Thickness, Insulin, and BMI include columns with invalid zero values. Putting NaN in lieu of zeros in 
these columns will make them imply nothing. 
3.2.2 Feature Scaling 
The dataset includes variables with varying scales, such as glucose levels, insulin levels, and body mass 
index (BMI). Algorithms rely on features that have been standardized, which is a statistical technique that 
rescales features in a dataset to have specific properties, usually a mean of 0 and a standard deviation of 
1 [21]; its formula is: 
𝑧 = (𝑥 − 𝜇 ) / σ     (1) 
where: 
z is the standardized value, 
x is the original value, 
μ is the mean of the feature, 
σ is the standard deviation of the feature. 
3.2.3 Dealing with Imbalanced Classes 
As shown in Figure 2, PIMA is an unbalanced dataset with a mean and an uneven class distribution. The 
machine learning task requires an imbalance solution using SMOTE, which stands for Synthetic Minority 
Over-sampling Technique [22]. SMOTE makes the model more effective and robust by adding new 
instances to the minority class. Users can quickly implement SMOTE with their datasets through multiple 
machine-learning packages, including imbalanced-learn in Python. 
3.2.4 Splitting the Dataset 
The division of datasets in model construction ensures that models successfully predict new examples. 
Partitioning available data into multiple subgroups remains an essential procedure for training and testing 
objectives [23]. The dataset will be divided into 70% dedicated to training purposes and 30% dedicated 
to testing. 
3.3 Phase 3: Models to Predict Diabetes 
The predictive analysis of patient diabetes types utilizes patient information through Support Vector 



International Journal of Environmental Sciences  
ISSN: 2229-7359 
Vol. 11 No. 22S, 2025 
https://www.theaspd.com/ijes.php 

1428 
 

Machine (SVM) and Long Short-Term Memory (LSTM) networks during this phase. This assignment 
justifies using these models because they each bring specific characteristics that make them ideal for this 
work. The following part explains both models alongside their prediction capabilities. 
3.3.1 SupportVector Machine (SVM) 
The first analytical model in this study involves a Support Vector Machine (SVM). The supervised 
machine-learning technique operates as a regression and classification solution while capable of 
supervised learning applications [24]. A linear model named this algorithm applies border and cloud 
boundaries to divide the diabetes dataset into separate categories. SVM determines the best-separating 
plane through maximum margins by finding the distance between the closest points of different classes 
in a specific dataset. The SVM algorithm depends on a decision boundary system for defining decision 
boundaries [25]. SVM demonstrates its leading capability for diabetes prediction by detecting complex 
nonlinear relationships, which ordinary methods would overlook [26]. With its advantage, SVM can 
detect patterns present in the data, leading to improved prediction accuracy. The ability of SVM to process 
high-dimensional data makes it efficient when predicting diabetes since analysis relies on several variables 
[27]. 
3.3.2 Long Short-Term Memory (LSTM) 
The second machine learning model used for diabetes diagnosis within this study is LSTM deep networks. 
RNNs modified as Long Short-Term Memories (LSTMs) process data sequences, including text strings, 
audio patterns, and time-based datasets [28]. LSTMs use several levels of memory cells to track data 
dependencies precisely, according to [29]. LSTMs utilize this mechanism to detect information patterns 
at different time scales and solve problems like diabetes diagnosis using continuous patient records. The 
important step starts with creating a model by determining model layers and linking them with 
optimization and a loss function before fitting training data. The training process utilizes training datasets 
while executing the model several times through parameter modifications to enhance prediction accuracy. 
The accuracy evaluation of the model occurs through its execution against experimental diabetes datasets 
to determine its performance level. 
3.4 Phase 4: Enhance Models using Genetic Algorithm (GA) 
A Genetic Algorithm (GA) is used to optimize the hyperparameters of both the SVM and LSTM models. 
The GA finds the best configurations by acting out a natural selection process, whereby individuals (i.e., 
sets of hyperparameters) change during generations [30]. The models' performance is used to determine 
the fitness function. Relevant measures, including recall, accuracy, and F1 score, are used. Iteratively 
generating new populations via selection, crossover, mutation, and encoding hyperparameters as 
chromosomes are all part of GA [31]. The process continues until convergence is reached or a preset 
stopping threshold is satisfied. Automatically adjusting the hyperparameters enables the models to attain 
optimum predicted performance. 
3.4.1 Hyperparameter Optimization for SVM 
After creating the initial structure of SVM, we tune the hyperparameters to further improve the model's 
accuracy. The hyperparameters for the Support Vector Machine (SVM) include C. This first parameter 
assigns a weight to each data point based on its error value. A more considerable C value means the SVM 
tries to classify all points correctly, while a smaller C value means the SVM tries to minimize the error as 
much as possible [32]. The kernel's second parameter transforms the input data into a higher feature 
space. Kernel types include linear, polynomial, Radial Basis Function (RBF) and sigmoid [33]. The 
following relationships show the kernels used in the problem of diabetes diagnosis. 
The Mathematical Formula of linear Kernel  [34] 

𝐾(𝑥, 𝑦) = 𝑥. 𝑦     (2) 
The Mathematical Formula of  polynomial Kernel [35] 

𝐾(𝑥, 𝑦) = (𝑎𝑥. 𝑦 + 𝑏)𝑑      (3) 
The Mathematical Formula of  RBF kernel [36] 

𝐾(𝑥, 𝑦) = 𝑒−‖𝑥−𝑦‖2/𝜎2
     (4) 

The Mathematical Formula of sigmoid kernel [37] 

𝐾(𝑥, 𝑦) = 𝑎𝑒
𝛾2

‖𝑥−𝑦‖2/𝜎2 − 1       (5) 
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The gamma third parameter is used in the Radial Basis Function (RBF) kernel and controls data spread 
in the feature space [38]. As gamma increases, the SVM model arranges data with less spread, meaning 
that the influence of each data point becomes more localized in the feature space [39]. The degree 
parameter is specific to the polynomial kernel and indicates the degree of the polynomial used to 
transform the data into a higher-dimensional space. The higher degree of models enables them to detect 
sophisticated data patterns. The coef0 fourth parameter functions with both polynomial and sigmoid 
kernels by controlling the dimensionality transformation of data [40]. The decision boundary shape and 
behaviour depend enormously on this parameter during the use of low-degree kernels [41]. Training 
applications of the shrinking heuristic depend on the value of the shrinking parameter. Enabling SVM 
implements an algorithm to shrink the problem size, which shortens training periods, mainly when 
processing extensive data. Enabling the probability mode adds a fifth parameter in SVM that enhances 
the model by delivering probability ratings for each class valuable prediction for confidence assessment 
[42]. 
3.4.2 Hyperparameter Optimization for LSTM 
When applying Long Short-Term Memory (LSTM) networks for diabetes prediction, proper 
hyperparameter adjustment must be made to reach maximum performance levels. The LSTM requires 
adjusting multiple parameters named hyperparameters, which involve layer counts, unit distribution, 
activation type, sequence type selection, learning rate adjustment, specific loss calculation, early stopping 
threshold, maximum epochs, and batch quantity and dropout mechanism. The number of layers defines 
the depth of LSTM layers within the network, and the number of units indicates the number of LSTM 
units (or neurons) inside each layer [43]. Each LSTM unit output transformation uses an activation 
function between sigmoid and tanh [44]. The return sequence type controls network output selection 
between single and sequential values, determining the BPTT or truncated BPTT usage [45]. The learning 
rate controls how quickly the model updates its weights during training, and the loss function [46], such 
as mean squared error (MSE) or cross-entropy loss, helps the model optimize its weights by minimizing 
the error between predicted and actual outputs. Early stopping accuracy prevents overfitting by halting 
training once accuracy plateaus [47]. The number of epochs refers to how many complete passes the model 
makes over the dataset, while the batch size dictates how many data samples are processed before the 
model's weights are updated [48]. The dropout rate defines the proportion of units randomly deactivated 
during training to prevent overfitting [49]. 
3.5 Phase 5: Evaluate the Models 
Phase 5 involves evaluating the models to see how well they forecast, with accuracy being the leading 
indicator. With its measurement of the percentage of examples identified adequately out of the total 
number of instances in the dataset, accuracy is a commonly used assessment criterion in classification 
issues [50]. The following is the formula for determining accuracy in this study: 

𝐴𝐶𝐶 =   
𝑇𝑃 +  𝑇𝑁 

𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁
     (6) 

3.6 Phase 6: Comparison between Models 
This paper analyzes and evaluates how Support Vector Machine (SVM) and Long Short-Term Memory 
(LSTM) perform in type-diabetes prediction following Genetic Algorithms (GA) training. At this point, 
automatic evaluation of the prediction capacities takes place through accuracy analysis. We conduct this 
assessment to determine the prediction accuracy levels for both models on the testing data and analyze 
their strengths and weaknesses. The success of support vector machines (SVMs) depends on evaluating 
hyperparameters C and gamma and multiple kernel choices consisting of linear, polynomial, RBF and 
sigmoid. To evaluate an LSTM model, one needs to assess parameters consisting of both LSTM layer 
numbers and unit quantities, learning rate modifications, and dropout rate modifications for evaluating 
temporal relationship capabilities. The paper evaluates both models' training efficiency, computational 
capability, and generalization ability. The provided data set requires us to evaluate the final results from 
each predictive model for optimal diabetes diagnosis performance. The evaluation outcomes will lead to 
selecting the optimal operational model with high predictive accuracy and efficient computational 
performance. 
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4. RESULT AND DISCUSSION 
This section investigates Support Vector Machines (SVM), Long Short-Term Memory (LSTM), and their 
variants enhanced by genetic algorithms for diabetes-type prediction. The next section focuses on 
evaluating the performance results obtained from different models. 
4.1 Result 
We present results that refer to SVM and LSTM analysis execution results. 
4.1.1 Performance of SVM Without Hyperparameter Optimization (HPO) 
The SVM model evaluation process started with the default parameter to determine its baseline 
performance capabilities. Four kernel functions' classification abilities were evaluated by combining 
linear, polynomial, radial basis function (RBF), and sigmoid. Figure 5 reveals the total accuracies obtained 
from each kernel, while Figure 6 displays confusion matrices to reveal model classification outcomes. 
The linear kernel reached 89% accuracy in testing. The models produced these accuracy statistics 
according to its confusion matrix: TP (102) and TN (103) against FP (13) and FN (12). The linear kernel 
accomplishes good classification results in most cases. However, it demonstrates failures in correctly 
identifying many diabetic and non-diabetic cases because it struggles to detect intricate patterns in the 
dataset. 
The accuracy of the polynomial kernel reached 89.13% while producing results of TP = 101, TN = 104, 
FP = 14, and FN = 11. The polynomial kernel reduces false positive outcomes compared with linear kernel 
performance, thus improving the representation quality of decision boundaries. The number of 
incorrectly identified diabetic cases remains at the same level because such challenges persist with correct 
diagnosis. 
The RBF kernel improved, resulting in 92.10% accuracy and statistical values of TP = 105, TN = 107, FP 
= 10, and FN = 8. This kernel shows improved capability to detect the non-linear relationships in the 
dataset through its reduced occurrence of false positives and false negatives, which leads to better 
classification performance. 
The accuracy measure for the sigmoid kernel was 92.10%, while TP = 105, TN = 107, FP = 10, and FN = 
8. The simulated data reveal that the sigmoid kernel offers marginal improvement in accuracy because it 
creates effective complex decision boundaries compared to the RBF kernel. 
These obtained results make the significance of selecting appropriate kernels for SVM-based diabetes 
classification apparent. The confusion matrices show that linear and polynomial kernels achieve 
reasonable accuracy but face difficulties dealing with data points that are not separable using linear 
classification. RBF and sigmoid kernels achieve higher classification accuracy because they create better 
models of complex decision borders. Additional improvements must occur through hyperparameter 
optimization because it enables maximum predictive performance and minimum classification errors. 
 

 
Figure 5: Performance of SVM without HPO 
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Figure 6: Confusion Matrics for SVM without HPO 

 
4.1.2 Performance of SVM with Hyperparameter Optimization (HPO) 
The second evaluation of the SVM model concentrated on implementing hyperparameter optimization 
(HPO) to enhance performance levels. After HPO implementation, we evaluated four kernel functions, 
including linear, polynomial, and radial basis functions (RBF) and sigmoid, for their classification ability. 
The accuracy information regarding each model can be found in Figure 7 alongside the confusion 
matrices, which display classification results as shown in Figure 8. 
The linear kernel, after hyperparameter enhancement, achieved an accuracy of 90%. The model produced 
results in its confusion matrix comprising TP = 103 together with TN = 104 while counting FP = 12 and 
FN = 11. The performance showed a minimal improvement over the baseline test without HPO, though 
it still resulted in several cases of false diagnosis between diabetic and non-diabetic patients. 
Hyperparameter adjustment reduced false positive and false negative outcomes while better refining the 
linear decision limits within the dataset. 
The polynomial kernel outperformed initial results by reaching a 93% accuracy rate compared to the 
89.13% accuracy rate before HPO implementation. In its confusion matrix, TP = 106, TN = 108, FP = 9, 
and FN = 7. This enhancement in accuracy and a decrease in false positives and negatives refers to the 
effectiveness of the polynomial kernel after optimization. By optimizing the polynomial kernel, 
boundaries became more defined, thus producing fewer misclassification errors. 
The RBF kernel brought the most pronounced results which enabled a 94% accuracy rate. Results from 
the confusion matrix showed TP = 107 while TN = 109 alongside FP = 8 and FN = 6. The modified RBF 
kernel achieved better relations between dataset variables through hyperparameter optimization thus 
decreasing both false positive and false negative rates. The kernel achieved maximum accuracy in 
classification which made it suitable for this application. 
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After HPO optimization, the sigmoid kernel reached a 92.20% accuracy rate yet demonstrated TP = 106, 
TN = 106, FP = 9, and FN = 9. The sigmoid kernel demonstrated better performance than its baseline 
counterpart by achieving fewer misclassifications, even though the performance boost was less 
pronounced than the RBF kernel's. The evaluation matrix demonstrates that the sigmoid kernel functions 
properly identified relevant decision boundaries without achieving better performance than the RBF 
kernel in this evaluation. 
The obtained results demonstrate that hyperparameter optimization techniques effectively enhance the 
performance capabilities of SVM models. Following optimization, the RBF kernel became the most 
efficient by reaching the highest accuracy with the lowest misclassification rates. HPO generated 
confusion matrices that proved how the method successfully cut errors and enhanced classification 
results. Additional optimization can be implemented to reach superior performance levels for diabetes 
diagnosis. 
 

 
Figure 7: Performance of SVM with HPO 

 
Figure 8: Confusion Matrics for SVM with HPO 

 
4.1.3 Performance of LSTM Without Hyperparameter Optimization (HPO) 
To establish performance standards, the LSTM model was first evaluated without modifying its 
hyperparameters. The classification performance evaluation utilized three optimization methods: Adam, 
RMSprop, and SGD. Figure 9 shows the accuracy result of all applied algorithms, and Figure 10 illustrates 
the confusion of matrices that reveal more detailed information about the model's classification 
performance. 
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The Adam optimizer reached 85% accuracy during its execution. 
The confusion matrix analysis revealed 95 instances of correct positive predictions while also reporting 
101 correct negative classifications, 20 incorrect positive predictions, and 14 incorrect negative ones. 
Adam delivered accurate results, but its confusion matrix analysis indicates many misidentified instances, 
especially incorrect positive and negative predictions. Adam proves generally effective but demonstrates 
limited accuracy when distinguishing between diverse patterns of diabetic and non-diabetic medical cases, 
which results in incorrect classifications. 
When applied to this task, the RMSprop optimizer reached 84% accuracy, although it performed slightly 
worse than Adam. The RMSprop confusion matrix demonstrated that TP totalled 92, with TN counting 
101, while FP equalled 23 and FN equalled 14. The values of false positives and false negatives in 
RMSprop evaluation reveal that the algorithm has greater difficulty than Adam when detecting proper 
diabetic versus non-diabetic category divisions. The effectiveness of the RMSprop optimizer is restricted 
when applied to complex datasets because it leads to increased classification error rates. 
The SGD optimizer produced an 80% accuracy, the worst outcome of the three evaluated algorithms. 
The SGD confusion matrix displayed a TP of 90 and TN of 94, while FP reached 25 and FN attained 21. 
Incorrect positive and negative diagnoses from SGD demonstrate poor discrimination capability between 
classification groups, resulting in major classification errors. The wide application of SGD fails to achieve 
optimal results for this specific task when used without proper parameter adjustments. 
The experiment results demonstrate the performance variations and implementation challenges between 
optimization algorithms in LSTM models. Adam generated the optimum accuracy, but its higher error 
rates for false positive and false negative classifications show that the model has problems with precise 
data classification. The performance of RMSprop and SGD remained reasonable, but misclassification 
proved more challenging. Exposure to parameter optimization methods will allow these optimizers to 
improve their performance levels, leading to diminished misclassification errors and stronger 
classification accuracy results. 

 
Figure 9: Performance of LSTM without HPO 

 
Figure 10: Confusion Matrics for LSTM without HPO 
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4.1.4 Performance of LSTM with Hyperparameter Optimization (HPO) 
The evaluation of the LSTM model with hyperparameter optimization (HPO) was conducted to assess 
enhancements in classification performance. The model used hyperparameter tuning of Adam, RMSprop 
and SGD optimization algorithms to test their efficiency and accuracy improvements. The accuracy 
analysis of each algorithm appears in Figure 11, together with confusion matrix visualizations for further 
understanding in Figure 12. 
After optimizing its hyperparameters, the Adam optimizer delivered an accuracy level of 90%. The 
confusion matrix yielded TP = 345, TN = 340, FP = 50 and FN = 40 results. The Adam optimizer 
combined with HPO achieved higher accuracy performance against the baseline of 85% while exhibiting 
a reduced rate of misclassification errors. Some false positive and false negative results persist despite 
improving overall classification through hyperparameter optimization because the model encounters 
limitations in diabetic and non-diabetic case differentiation. 
Through HPO, the RMSprop optimizer obtained 88% accuracy.  RMSprop produced a confusion matrix 
with TP set to 325, TN equaled 335, FP totaled 55, and FN amounted to 50. The accuracy surpassed the 
baseline level (84%), but misclassification rates stayed significant, with higher false positive and false 
negative results. This suggests that while RMSprop benefits from hyperparameter optimization, it still 
struggles with properly classifying all instances, particularly when dealing with complex patterns in the 
data. 
Although enhanced with HPO, the SGD optimizer delivered an accuracy rate of 80%, which ranks it as 
the least effective of the three optimization approaches. The confusion matrix for SGD contained TP 
values of 310, TN values of 300, FP values of 80, and FN values of 75. The performance improved from 
baseline according to HPO, yet the results indicated major classification errors with numerous false 
positive and false negative errors. Additional strategies or modifications may be necessary to upgrade the 
effectiveness of SGD when performing this competition. 
The analysis of LSTM with optimized hyperparameters demonstrated that the Adam optimizer produced 
better classification accuracy than the other tested functionalities, RMSprop and SGD. The enhanced 
results from hyperparameter optimization do not eliminate complete misclassification errors since 
optimizers produce false positive and false negative outcomes. Additional model enhancement through 
advanced hyperparameter optimization alongside alternative algorithm assessment remains crucial for 
increasing the accuracy and reducing the errors during diabetes case classification. 
 

 
Figure 11: Performance of LSTM with HPO 
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Figure 12: Confusion Matrics for LSTM with HPO 

4.2 Discussion and Comparison 
Various fundamental points arise from the comparison between SVM and LSTM models. The SVM 
models, particularly those using the RBF and sigmoid kernels, consistently performed better than the 
LSTM models, especially after hyperparameter optimization. After optimization, the RBF kernel 
produced an accuracy level of 94% while surpassing all other models, including LSTM, with 90% accuracy 
under Adam optimizer conditions. This suggests that SVM models, particularly with non-linear kernels, 
are more effective at classifying diabetes cases in this dataset, especially when fine-tuned through 
hyperparameter optimization. 
In the given dataset, LSTM models demonstrated promising results but could not achieve better 
performance than the SVM models. The LSTM model failed to achieve maximum value from the data 
structure despite its sequential pattern detection capacity compared to SVM models. The enhanced 
outcome from HPO indicates that LSTM models maintain potential for additional development when 
utilizing the Adam optimizer for improved execution. The potential of LSTM to tackle text summarization 
depends on additional neural architecture optimizations for complete performance optimization. 
The performance improvement of SVM and LSTM models relied heavily on applying effective 
hyperparameter optimization. After adjusting parameters, SVM achieved its best results by combining 
RBF and sigmoid kernels, but LSTM benefited the most from the Adam optimizer during optimization. 
Despite the better performance of the SVM models, the results highlight the importance of model 
selection and hyperparameter tuning in maximizing the predictive capabilities of both traditional machine 
learning models and deep learning architectures. Future studies on enhanced optimizers and hybrid 
methods might result in better performance and classification accuracy achievements. All information 
about accuracy measurements is presented in Table 2. 

Table 2: Overall Results 
 Model Without HPO With HPO 
SVM Linear 89% 90% 

Polynomial 89.13% 93% 
RBF 92.10% 94% 

Sigmoid 92.10% 92.20% 
LSTM Adam 85% 90% 

RMSprop 84% 88% 
SGD 80% 80% 

5. CONCLUSION AND FUTURE WORK 
In this paper, an examination has been conducted to evaluate how Support Vector Machines (SVM) and 
Long Short-Term Memory (LSTM) networks perform in predicting diabetes by using Pima Indian 
Diabetes dataset data. Without HPO in place, the RBF kernel model achieved an accuracy level of 92.1%, 
according to study findings. After applying Genetic Algorithm genetic algorithm-based tuning, the RBF 
kernel improved significantly, reaching 94%, showcasing its strength in modelling non-linear 
relationships. Combined with the polynomial kernel, the sigmoid kernel achieved better accuracy through 
optimization, resulting in 91.19% and 91.12% final performance levels. Adam optimizer produced the 
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upper levels of accuracy at 85% for LSTM models without requiring any adjustments to their 
hyperparameters. The implementation of GA resulted in 90% accuracy for Adam-optimized LSTM and 
88% accuracy for RMSProp, while the performance of SGD remained at 80%. The experimental results 
validate adaptive optimizers such as Adam as performance boosters for GA-driven optimization strategies. 
The study proves that hyperparameter optimization techniques lead to higher accuracy levels in result 
predictions for SVM and LSTM models which detect diabetes cases. The results demonstrate why 
applying genetic algorithms leads to successful optimization of machine learning models for healthcare 
systems. In future work the authors demands the evaluation of alternate optimization approaches together 
with ensemble and Bayesian Optimization and the development of healthcare data sets that work towards 
making models more understandable to attain easy clinical deployment. 
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