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Abstract: Diabetes affects millions of people around the world with a significant economic, physical, social and
psychological burden leading to avoidable suffering, disability and sometimes mortality. This significant burden is
exacerbated in less developed countries by the chronic and seemingly intractable dearth of qualified medical practitioners.
Given accurate diagnoses and predictions, efficacious life-saving therapies could be developed. This paper presents a
module for the diagnosis of diabetes within the framework of a modular, extensible and comprehensive artificial
intelligence-driven healthcare system.
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1. INTRODUCTION

According to the World Health Organization (WHO), millions of people worldwide are affected by diabetes [1] which
exacts a significant toll in terms of physical and psychological suffering as well as negative economic impact.
Furthermore, the number of patients has been on the increase in low- and middle-income countries (LMICs) based on the
latest surveys.

Apart from a perfect storm of circumstances leading to an acute shortage of qualified medical practitioners including low
levels of funding, weak educational institutions and relatively low patronage, LMICs are currently experiencing a
protracted brain drain in the medical and healthcare professions. Many doctors trained in LMICs prefer to practice in
developed countries for higher remuneration and improved working conditions. This threatens to reduce the already
precipitously low doctor to patient ratios to unacceptable levels.

Ekpar [2] introduced a comprehensive artificial intelligence (Al)-powered healthcare system that addresses the
aforementioned issues and helps medical doctors save lives and improve living conditions and enables orders of
magnitude improvements in medical doctor productivity and dramatic reductions in healthcare professional burn-out and
staff shortages. The system features a modular design and permits the addition of new modules as well as the fine-tuning
of existing modules to extract improved performance.

Studies have been carried out involving a wide variety of approaches to the computer-aided diagnosis of diseases
including the use of Al and related algorithms and systems with a variety of merits and demerits [3] — [21].

This paper presents the Diabetes Diagnosis Module of the comprehensive artificial intelligence-driven healthcare system
[2] — highlighting the adoption of the approach of synthesizing custom adapted artificial neural networks (ANNs) for
training, testing, validation and inference in the diagnosis of diabetes mellitus.

1. MATERIALS AND METHODS

Participant Enrollment
Individuals volunteered to participate in the studies aimed at developing the comprehensive Al-driven healthcare system,
with each participant providing informed consent for their involvement.

Ethical Oversight

The Health Research Ethics Committee of the Institute of Biomedical Research at the University of Uyo granted ethical
clearance and approval for the studies. All research activities adhered strictly to applicable ethical and regulatory
standards. Publicly available data were used in accordance with the licensing terms set forth by their creators.
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1. METHODOLOGY

Enhancing publicly accessible healthcare datasets involves integrating locally gathered experimental and collected data
into Al models to generate actionable predictions from new data. Public sources of healthcare datasets include the Centers
for Disease Control, University of California Irvine Machine Learning Repository, American Epilepsy Society, and
Kaggle.

Incorporating local data ensures resilience, mitigates bias, and promotes inclusivity and global applicability. A distinctive
approach in this project involves combining diagnostic measurements (such as electrocardiographic results) from local
experiments with EEG data, including novel three-dimensional multilayer EEG systems.

Ethical clearance for local data acquisition has been obtained from relevant research ethics committees overseeing the
geographic regions of experimentation. Collaboration with licensed medical doctors facilitates access to patients and
clinicians, enabling the provision of anonymized clinical data for validating Al models.

Trained Al models are integrated into a comprehensive healthcare system designed to provide clinical decision support
and Brain-Computer Interfaces (BCls). These models offer actionable insights derived from new clinical data, aiding in
early detection, diagnosis, treatment, prediction, and prevention of various conditions like diabetes, cardiovascular
diseases, stroke, autism, and epilepsy.

To uphold principles of open science, reproducibility, and collaboration, all generated data will be publicly uploaded to
repositories such as GitHub.

System Design and Implementation

The healthcare system described employs a modular architecture, where each module corresponds to a specific condition
(for example diabetes mellitus, heart disease, stroke, epilepsy, autism, among others), ensuring adaptability for future
conditions and efficient updates with fresh data. Modules designed for BCls, such as those leveraging the motor imagery
paradigm, can utilize EEG data to generate actionable commands and responses.

The system includes guidelines for adapting conventional EEG systems to novel three-dimensional multilayer EEG
systems, based on a framework developed by Ekpar [22] — [23]. These systems utilize approximations of representative
bio-signal features for characterizing and manipulating biological systems.

Each module incorporates robust Al models trained on appropriately formatted aggregated data, potentially integrating
genetic, environmental, lifestyle, and other relevant factors to enhance accuracy in participant circumstances
representation.

A schematic representation of the design and functional relationships of the key components of the system appears in
Fig. 1.
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Fig. 1: System Schematic Design Diagram for the Comprehensive Al-Driven Healthcare System and Brain Computer
Interface System. The New Conditions component represents additional health conditions that can be incorporated into
the system by leveraging new modules.

Approaches Used for Building Al Models
The Al models are developed using four (4) distinct methodologies:

1. Direct Utilization of Large Language Models (LLMs):
o Large Language Models (LLMs) like GPT-4 serve as inference engines, utilizing collected data
formatted into multidimensional input vectors. This may involve fine-tuning of the LLM for specific tasks.

2. Application of Prompt Engineering to LLMs:

o Platforms such as Bard and GPT-4 (including their future iterations) are employed for prompt
engineering. This process generates a sequence of steps recommended by the LLM, which are implemented by leveraging
extensive knowledge in Al, neural networks, deep learning, Python programming, TensorFlow, Keras, and other machine
learning and visualization tools like Scikit-learn and Matplotlib.

3. Generation of Custom Al Models:

o Specific Al models are created utilizing the capabilities of LLMs such as Bard and GPT-4,
incorporating an automated pipeline for model generation.

4. Direct Design of Al Architecture:

o A tailored Al architecture is developed based on comprehensive expertise in Al, neural networks, deep

learning, Python programming, TensorFlow, Keras, and additional machine learning and visualization tools like Scikit-
learn and Matplotlib.
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Throughout the development process, all steps taken and tools utilized are meticulously documented to ensure seamless
transferability and reusability of the system.

The resulting Al models are rigorously evaluated and compared based on their performance metrics such as specificity,
sensitivity, and suitability for addressing specific challenges encountered in the project.

V. DIABETES MODULE

This section highlights details of the implementation of a Diabetes Diagnosis Module for the comprehensive Al-driven
healthcare system.

The Diabetes Diagnosis Module relies on the synthesis of the appropriate ANN architecture as highlighted in the fourth
approach listed in the foregoing.

For each participant, the clinical or diagnostic measurements examined include diastolic blood pressure, plasma glucose
concentration 2 hours in an oral glucose tolerance test, number of times pregnant (for female participants), triceps skin
fold thickness, 2-Hour serum insulin, body mass index, diabetes pedigree function, age and sex.

An appropriate ANN architecture is designed and implemented in the Python programming language by leveraging the
TensorFlow framework and the Keras application programming interface (API) package [24] — [25]. The ANN comprised
multiple layers including an input layer, hidden layers and an output layer as illustrated schematically in Fig. 2. In Fig.
2, 11, 15, ..., I represents inputs while O represents the output. Dense sequential layers are utilized. Sigmoid activation is
applied to the output layer while rectified linear unit activation is applied to the rest of the ANN. The input layer comprises
8 units, one unit each for the diagnostic or clinical measurements (2-Hour serum insulin, body mass index, diastolic blood
pressure, age, and so on) listed earlier while omitting sex or gender and including number of times pregnant for female
participants. The output layer has only 1 unit to represent the diagnostic outcome indicating presence or absence of
diabetes mellitus. Based on experimentation, 32 units are allocated to each of two hidden layers.

Fig. 2: Schematic Graphical Representation of Artificial Neural Network (ANN) Architecture. 14, Iy, ..., In represent the
inputs while O represents the output.

The Pima Indians Diabetes database was retrieved from the Kaggle dataset repository and employed for the training,
testing and validation of the Al models. Altogether, the dataset contains 768 rows of data. For each row, there are 9
columns. The first 8 columns represent the clinical or diagnostic measurements such as diastolic blood pressure, plasma
glucose concentration 2 hours in an oral glucose tolerance test, number of times pregnant, triceps skin fold thickness, 2-
Hour serum insulin, body mass index, diabetes pedigree function and age of the participant. The ninth and final column
represents the diagnosis with a value of 1 indicating the presence of diabetes mellitus and a value of 0 indicating a normal
outcome.
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Data Availability

The data utilized in this study are available from GitHub at

https://github.com/frankekpar/pima_indians_diabetes dataset/blob/main/dataset.zip and derived from the Pima Indians
Diabetes Database publicly accessible from Kaggle at https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-
database.

V. RESULTS

The Pima Indians Diabetes dataset was split into two parts, namely, a training dataset comprising 80% (614 rows) of the
total dataset and a testing and validation dataset comprising 20% (154 rows) of the total dataset. The data is shuffled at
random to eliminate bias before processing. Optimized using the Adam optimizer [26] — [27], the neural network was
trained on the training dataset for 300 epochs. The loss function employed was the binary cross-entropy loss function.
Training was carried out at a learning rate of 0.001 relying on the TensorFlow default batch size of 32.

With respect to performance of the trained Al model on the validation dataset, the specificity obtained was approximately
88% coupled with a sensitivity of 70% and a precision of 72%.

After training, the Al model is integrated into the Diabetes Diagnosis Module of the comprehensive Al-driven healthcare
system -Scholar Medic - created by Ekpar [2].

Fig. 3 depicts an instance of the Diabetes Diagnosis Module in Scholar Medic featuring a set of diagnostic or clinical
measurements derived from a patient as well as the inference of the trained Al model in the form of the suggested
diagnosis of the system.

@ Diabetes Diagnosis Module X

; 0 CLINICAL MEASUREMENTS
|

Sex: Female

Number of times pregnant: 3

Plasma glucose concentration (2-Hour} in an oral glucose
tolerance test: 174 mg/dL

Diastolic blood pressure: 58 mm Hg

Triceps skin fold thickness: 22 mm

2-Hour serum insulin: 194 mu U/ml

Body mass index (weight in kg/(height in m)* 2): 33
Diabetes pedigree function: 0.593

Age: 36 years

SUGGESTED DIAGNOSIS
Diagnosis: DIABETES PRESENT

Confidence Level In Diagnosis: 72%
oK |
Fig. 3: Diabetes Diagnosis Module of Scholar Medic Showing Clinical Measurements and Corresponding Suggested

Diagnosis.

The following equations specify the manner of computation of the precision, sensitivity or recall and specificity
performance metrics for the Al model.
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p . _ TP
recision = TP + FP
S itivit = P
ensitivity = IpTEN
Specificit _ TN
pecificlty = TN 1 Fp

In the equations above, TN refers to true positives, FP refers to false positives, FN refers to false negatives, and TN refers
to true negatives. Negative here indicates the diabetes-free condition while positive refers to the presence of diabetes.

Adopting the comprehensive Al system outlined here will provide actionable insights for clinical decision support,
leading to life-saving outcomes and improved living conditions. This improvement will come from reducing the
economic, social, psychological, and physical burdens associated with the conditions that are predicted, prevented,
detected early, diagnosed, treated, and managed more effectively.

Electronic Health Records (EHRs), including clinical diagnostic measurements and EEG data, can be generated by
participating medical professionals and their teams. Additionally, EEG data from experiments involving Brain-Computer
Interfaces (BCIs) will be collected. All data will be gathered in compliance with ethical approvals, anonymized, and then
published in publicly accessible repositories along with related scholarly research.

VI. CONCLUSION

This paper introduced a diabetes diagnosis module designed to be integrated into a comprehensive Al-powered healthcare
system. This system aims to save lives and enhance living conditions by supporting medical practitioners with clinical
decision-making in predicting and diagnosing various conditions. By incorporating lifestyle, genetic, and environmental
data, the system can provide more accurate insights into a patient's context, potentially leading to better health outcomes.
Additionally, local data integration helps reduce bias and improves the global applicability of the system's results. The
system’s modular design allows for future expansion to include modules for diagnosing other conditions and
implementing improvements to existing modules.
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