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Abstract
Diabetes mellitus (DM) is a chronic metabolic condition with dire health prognosis in case it
is not diagnosed at the earliest. The suggested study will involve a combination of a hybrid
predictive model that will include the transfer learning and the ensemble machine learning
model in reflecting the accuracy with which diabetes can be identified by means of multimodal
clinical data, i.e. demographic data and lab findings and medical image findings. The pretrained
ResNet-50 model was used to extract the imaging data feature, and ensemble classifiers based
on the structured clinical features were implemented, such as Random Forest, the Gradient
Boosting and XGBoost using a stacking method. The proposed framework was observed to be
more effective than the algorithms of the baseline models with accuracy of 94.2, precision of
92.8, recall of 91.5, Fl-score of 92.1 and AUC-ROC of 0.96. The analysis of confusion
matrices also affirmed the high true positive and true negative values of the model showing its
strength and suitability in clinical practice. These results show that transfer and learning
combined with ensemble result in a reliable and efficient and understandable method of early
diabetes prediction with considerable potential in enhancing patient care and management.
Keywords: Diabetes mellitus, Transfer learning, Ensemble models, Multimodal clinical data,
Predictive modeling, AUC-ROC.
1. INTRODUCTION
Diabetes mellitus (DM) can be described as a long-lasting metabolic disorder that is
characterized by high blood glucose due to insulin production or insulin deficiency and it has
been one of the hottest health issues on earth. The world health organization stated that the
number of diabetes-afflicted people exceeds 422 million with the figures projected to increase
dramatically in the next few decades. Automotive diagnosis and early intervention are
important in avoiding serious complications of cardiovascular diseases, neuropathy,
nephropathy, and retinopathy which significantly lower the quality of life and elevate health
care expenses. The recognized traditional diagnostic approaches tend to be based on either
single clinical tests or simple statistical models and are not always able to describe the
complicated interaction of demographic, lab, and imaging evidence. Consequently, the need to
develop intelligent predictive frameworks that can bring together various clinical information
and offer accurate and early-stage diagnosis to manage patients has been on the increase.
The recent development in machine learning and deep learning has demonstrated a
considerable potential in improving disease prediction and diagnosis. The use of transfer
learning with pretrained neural networks enables models to exploit high level features on
complex medical data like imaging modalities and demand fewer computational resources as
well as less domain specific training. The major methods of ensemble learning that are used in
improving stability of prediction, minimizing bias and enhancing the overall accuracy of
prediction include random forest, Gradient Boosting and XGBoost. By combining them, a
strong framework can be created that can deal with multimodal clinical data to describe
complementary patterns of the structured data (such as lab findings and other demographic
characteristics) and the unstructured data (such as medical images). The present research
identifies a hybrid approach, that is, a combination of both a transfer learning model and an
ensemble model that can be applied to enhance the prediction of diabetes mellitus, which will
help to have a reliable efficient and clinically applicable tool in the early detection and
personalized health intervention strategy.
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2. LITERATURE REVIEW
Bodapati (2024) examined the application of adaptive combination of multi-modal deep
spatial involvements in the diagnosis of diabetic retinopathy. This study established that
multimodality and ensemble learning techniques were much more effective in finding disease
than single-modelling techniques, as they can combine different imaging modalities. The study
has revealed the usefulness of using a combination of various data presentations in order to
describe intricate trends in clinical imaging, which is a more accurate diagnostic aid to diabetes-
related complications.
De Bois, El Yacoubi, and Ammi (2021) explored the application of adversarial multi-source
transfer learning in the healthcare field, i.e. predicting glucose in diabetic patients. They
demonstrated in their work that the combination of the knowledge based on several related
datasets could improve the predictive power and minimize the chance of overfitting on the
models trained on a small amount of clinical data. The paper has highlighted the significance
of transfer learning to solve the problems associated with diverse and sparse medical records,
as it can be used to enhance personalized glucose level prediction.
Deng et al. (2021) used the deep transfer method of estimating the concentration of glucose in
patients with type 2 diabetes using data augmentation schemes. The paper determined that the
pretrained neural networks that are finetuned using augmented patient data performed better in
terms of prediction and generalization than the utilization of the conventional machine learning
models. This research paper has made known the significance of transfer learning in healthcare
predictive modelling, particularly when handling chronic diseases, which include diabetes,
because it enables the successful derivation of characteristics of complicated clinical
information, and enhances the dependability of the model.
Guha et al. (2024) explored ways of using the notion of multi-modal transfer learning model
to diagnose chronic illnesses such as diabetes. Their analysis showed that the fusion of the
heterogeneous clinical data, including laboratory testing and image characteristics, with
transfer learning had a great impact on the diagnostic accuracy and strength. The study
indicated the possibility of a multi-modal data and high-level machine learning methods to
identify complex trends in patient health data, which would provide a more robust and
extensively scalable method of early disease identification.
Gundapaneni, Zhi, and Rodrigues (2024) studied deep learning-based noninvasive screening
method of type 2 diabetes using Chest X-ray image as compared to electronic health records.
The researchers found that deep neural networks are capable of extracting informative features
of imaging data, and had the structured clinical data were added to it, the prediction capability
of the models increased significantly. The current study has highlighted the practicality and
clinical importance of capitalising on the noninvasive imaging modes coupled with electronic
health data to shape the future of early screening of diabetes and risk stratification.
3. RESEARCH METHODOLOGY
The researchers used a quantitative predictive modeling as a method of assessing the
effectiveness of combining transfer learning with ensemble machine learning in multimodal
clinical data. Preprocessing of data, extraction of features and evaluation of the model indicated
that the hybrid framework that was proposed was better in predicting diabetes compared to
existing models.
3.1 Research Design
The study employs the quantitative research design that is meant to predictively model the
enhancement of detection of diabetes mellitus. The main purpose was to test the efficiency of
employing the concept of transfer learning in association with ensemble machine learning
methods with multimodal clinical data. This design allowed the systematic evaluation of the
models performance and allowed comparing the traditional models with the suggested hybrid
solution.
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3.2 Data Collection
The study data were collected using publicly available sources of data such as the Pima Indians
Diabetes Database, and hospital electronic medical records(EMR) which have multimodal
clinical data. These data consisted of demographic data such as age, gender, body mass index
(BMI), laboratory testing data, such as fasting glucose, HbAlc, and lipid profile, medical
imaging testing, such as the retinal fundus images. Data on the structured and unstructured data
offered an opportunity to conduct a holistic assessment of predictive modeling techniques.
3.3 Data Preprocessing
The preprocessing was performed to make the data quality and consistency and the model
training acceptable. The gaps in the dataset were addressed in connection with the imputation
methods and the numeric variables were brought to a standard scale and the categorical
variables were suitably coded. In imaging data, resizing and augmentation was used to improve
the generalization of the model and reduce the effect of overfitting such that the data is now
prepared to yield good feature extraction.
3.4 Feature Extraction Using Transfer Learning
Transfer learning was also used to find the high level feature on medical images by means of
the pretrained ResNet-50 convolutional neural network. Specific dataset was honed in order to
fine-tuned the pretrained model to fit the clinical environment. This enabled good use of large
scale image knowledge and less computations were needed, and better feature representation
was obtained to help in future predictions.
3.5 Model Training and Evaluation
The dataset was broken down into two groups training and testing as a stratified sample to
preserve the classes distributions. A 10- fold cross-validation plan was included to ensure that
it was robust and reduced overfitting. The model performance was measured using a number
of measures that included accuracy, precision, recall, F1-score and area under the receiver
operating characteristic curve (AUC-ROC). This general assessment model released intricate
comparisons that were undertaken between the foundation models and the proposed hybrid
model.
3.6 Data Analysis and Interpretation
The analysis of data involved the comparison of the results of the baseline models, i.e., the
Logistic Regression, Random Forest, GBM, and XGBoost, and the proposed one Transfer
Learning + Ensemble. True positive and true negative rate and the overall discriminative power
were used to measure such predictive accuracy, thus confusion matrices, performance
measures, and AUC-ROC values were calculated. These results have highlighted the good
performance of the hybrid model that demonstrates the fact that the synergy of transfer learning
and ensemble techniques is more trustworthy and efficient in the determination of diabetes in
multimodal clinical data.
4. DATA ANALYSIS AND INTERPRETATION
The ability of the various models to make predictions in the detection of diabetes is summarized
in Table 1 and Figure 1. The given Transfer Learning + Ensemble model was ranked top in
accuracy (94.2%), precision (92.8%), recall (91.5%), F1-score (92.1%), and AUC-ROC (0.96)
when compared to any of the baseline models.

Table 1: Measures of Performance of VVarious Models

Model Accuracy | Precision | Recall | F1-score | AUC-ROC
Logistic Regression 84.1 82.3 79.5 80.9 0.87
Random Forest 88.7 87.2 85.5 86.3 0.91
Gradient Boosting (GBM) 89.5 88.1 86.9 87.5 0.92
XGBoost 90.2 89.0 87.6 88.3 0.93
Transfer Learning + Ensemble 94.2 92.8 91.5 92.1 0.96
(Proposed)
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Figure 1: Graphical Representation of Performance Metrics of Different Models
This implies that transfer learning used together with ensemble techniques is effective in
increasing the capacity of the model to accurately determine diagnostic cases of diabetic and
non-diabetic. The proposed method is better in generalization, robust, and reliability than the
personal predictive models such as Logistic Regression or XGBoost when applied to the
clinical prediction problem.
Table 2 and Figure 2 indicate the confusion matrix of the proposed Transfer Learning +
Ensemble model. Among the overall number of cases, 112 diagnosed diabetes patients were
cited correctly, and only 8 were wrongly defined as being non-diabetic. On the same note, 114
non-diabetic cases were rightly identified, and 6 were mistakenly identified as diabetic.
Table 2: Confusion Matrix of Proposed Model
Actual \ Predicted | Diabetic | Non-Diabetic

Diabetic 112 8
Non-Diabetic 6 114
150
100
50
0 I | ]
Diabetic Non-Diabetic

m Diabetic ® Non-Diabetic

Figure 2: Graphical Representation of Confusion Matrix of Proposed Model

It proves that the proposed model will have the high true positive and the true negative rate that
will show a good level of classification. This is indicated by the few instances of
misclassifications that indicate the reliability and accuracy of the classification in predicting
diabetes in clinical conduct.

Table 3 and Figure 3 depict the AUC-ROC values of various models, which depict how they
are classified in general. TL + Ensemble in AUC-ROC was better than the Logistic Regression
(0.87), random Forest (0.91), gradient Boosting (0.92), and XGBoost (0.93).

Table 3: AUC-ROC Comparison Across Models

Model AUC-ROC
Logistic Regression 0.87
Random Forest 0.91
Gradient Boosting (GBM) 0.92
XGBoost 0.93
Transfer Learning + Ensemble (Proposed) 0.96
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Figure 3: Graphical Representation of AUC-ROC Comparison Across Models

This means that the proposed model is more discriminative, as it is effective in identifying
cases of diabetic and non-diabetic. The fact that AUC-ROC is more robust and reliable as an
early diabetes detection tool is emphasized by the higher AUC-ROC.
5. CONCLUSION
The current research indicated that transfer learning and the ensemble machine learning models
are a remarkably effective model in diabetes mellitus forecasting using multimodal clinical
data. The hybrid proposed model was superior to the traditional methods as it had more
accuracy, precision, recall, and Fl-score, and high true positive and true negative rates as
confirmed by the confusion matrix analysis. By combining both structured clinical data with
the characteristics, which were derived in the course of the medical image analysis, you can
not only determine complex patterns that you would not have detected in single models but
also reliability and robustness because of the opportunities available in doing it. These findings
confirm the potential of transfer learning and ensemble technique as an effective investigative
instrument of identifying the early diabetics in order to timely intervene and reduce the
outcomes of the patient.
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