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Abstract

Diabetes represents a significant global health challenge, with millions of individuals affected and substantial impacts on healthcare
systems. In this study, we compare two neural network architectures for diabetes prediction: the Feedforward Neural Network
(FFNN) and the Cascade-Forward Backpropagation Neural Network (CFBPNN). Utilizing the Diabetes Prediction Dataset,
comprising 100,000 samples, and after a balanced result, 17,000 samples were obtained. The networks are trained using the
Levenberg-Marquardt and Resilient Backpropagation algorithms, and performance metrics, including precision, sensitivity,
specificity, accuracy, F1-score, and computational time, are evaluated. Results indicate that the FFNN architecture paired with the
Levenberg-Marquardt algorithm demonstrates superior diagnostic prediction accuracy with 91,10%. However, this comes at the
cost of longer computational time compared to the CFBPNN.
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1. Introduction

Diabetes is one of the chronic diseases that pose a significant challenge to healthcare systems globally. According
to data from the World Health Organization (WHO), it is estimated that over 400 million people worldwide are
currently living with diabetes, and this number is projected to increase in the coming years [1]. In Europe, there are
approximately 60 million people with diabetes, which translates to around 10.3% of men and 9.6% of women aged 25
years and over [2]. Diabetes is also a public health issue, affecting millions of people and imposing a substantial burden
on both patients and healthcare systems.

Given this concerning reality, the search for effective methods of diabetes prediction and management becomes
increasingly urgent. Significant advances are being made in the healthcare field through the use of machine learning
technologies, such as artificial neural networks (ANN). These techniques have been applied in various ways in
medicine, ranging from disease prediction to the characterization of complex patterns in medical data.

The use of neural networks and machine learning in healthcare has shown promising potential to improve early
diagnosis, personalized treatment, and disease prevention, including Alzheimer's disease [3], [4] and diabetes [5].

The authors in [6] applied Artificial Neural Networks (ANN) to identify Parkinson's, Huntington's, and
Amyotrophic Lateral Sclerosis based on signals from the Electroencephalogram (EEG). They explored four types of
methodologies but did not achieve the expected results due to the lack of a large dataset.

Another form of use of an ANN is in the form of time series prediction algorithms, as Oliveira et al [7] applied to
predict seven days for cases and deaths of COVID-19 in Brazil, Portugal, and the United States. Several areas of health
can use machine learning concepts with different methods. Guedes et al [8] show Long Short-Term Memory (LSTM)
and ANN in the classification of chronic laryngitis, LSTM had a better performance with 100% accuracy, sensitivity,
and specificity in the test set. Other areas of society can benefit from Machine Learning as tourism, the authors [9]
investigate the predictive capacity of ANN methodology using datasets of international tourists visiting Vietnam from
2008 to 2020.

Through the analysis of large clinical datasets, neural networks can identify subtle patterns that may escape human
detection, allowing for a more comprehensive understanding of patients' health conditions. In this context, the
objective of this work is to conduct a comparative study between two neural network architectures for predicting
samples with or without diabetes. Through this analysis, we seek to identify which neural network approach offers the
best performance in diabetes prediction, thereby contributing to the development of more effective tools for disease
prevention and management.

The present paper is structured as follows: The second section provides an overview of the dataset used, data
preparation techniques, and details about the neural network architectures employed. The results section presents the
outcomes of the study, including performance metrics such as precision, sensitivity, accuracy, and F1-score from the
two architectures. Finally, the discussion and conclusion bring the findings,of our study.

2. Material and Methods

In this section, we present an overview of the materials utilized and the methodologies employed in our study to
seek to identify which neural network approach offers the best performance in diabetes prediction.

2.1. Dataset

The dataset utilized, known as the Diabetes Prediction Dataset [10], has been compiled and maintained by various
healthcare providers. Its primary objective is to classify the presence or absence of diabetes. To ensure data integrity,
extensive cleaning and preprocessing were conducted, eliminating incomplete and extraneous information.
Comprising 100,000 samples and garnering over 50,000 downloads, the dataset consists of nine columns. This
comprehensive dataset forms the cornerstone of our analysis, enabling us to explore predictive models for diabetes
with robustness and reliability.

It contains demographic information on patients, with 59% female, 41% male, and a small "other" category
comprising 18 samples. The age range spans from 0 to 80 years, although diabetes is typically diagnosed more
frequently in older adults. Hypertension and heart disease are indicated with values of 0 or 1, where 0 signifies the
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absence of the condition, and 1 indicates its presence. Smoking history is categorized as "No info," "Never," "Former,"
"Not Current," "Current," and "Ever," with 36% of samples lacking information. Body mass index (BMI) is included,
with higher values correlating with an increased risk of diabetes, ranging from 10.16 to 71.55 in the dataset. HbAlc
(Hemoglobin Alc) levels, measuring a person's average blood sugar over the past 2-3 months, are also provided.
Elevated levels of HbAlc indicate a higher risk of diabetes, with values typically exceeding 6.5%. Blood glucose
levels, reflecting the concentration of glucose in the bloodstream at a given moment, serve as a crucial indicator of
diabetes risk when elevated. The dependent variable or output of the model is the presence (1), or absence of diabetes

(0).
2.2. Data Preparation

A methodology was adopted that consisted of assigning discrete numerical values to represent both gender and
smoking history. The male gender was coded as 0, while the female gender was coded as 1, samples without gender
weren’t used in this study. As for smoking history, a progressive scale was used to categorize various situations, based
on their historical context. The ordinal encoding method systematically assigned integer values to each category,
reflecting the temporal progression and intensity of smoking habits. The scale began with "No info" as the baseline,
designated with the value 0, indicating a lack of information. Subsequently, categories advanced through "Never"(1),
"Former"(2), "Not Current"(3), "Current"(4), and finally, "Ever"(5) as the highest value category. This structured
approach not only categorizes smoking behaviors but also preserves the inherent order and progression inherent in
smoking history assessments.

This approach was adopted to facilitate the statistical analysis of the data and enable the application of modeling
and inference techniques to investigate the variables in question.

The dataset was then sorted so that individuals with diabetes were placed at the beginning of the dataset, totaling
8,500 patients diagnosed with diabetes without considering diabetes types. Thus, the dataset was balanced to have the
same numbers of pathological and non-pathological individuals. Therefore, the first 8,500 control subjects were
selected, resulting in a new dataset with 17,000 samples.

After balancing the data, the first 8 columns were selected to create the input matrix , and the last column was
removed to create the target/output matrix. It was necessary to convert the matrices to the double variable type.

2.3. Neural Network Architectures

The neural network training began with two architectures, maintaining the activation functions for each neural
network layer but changing the training functions. This work explored a neural feedforward network and a neural
cascade-forward backpropagation network.

2.3.1. Feedforward Neural Network (FFNN)

The FeedForward Network Neural (FFNN), also known as a MultiLayer Perceptron (MLP), is distinguished by
the direction of information flow among its layers [11]. The simplicity and direct flow are seen in Figure 1, which has
only one flow of information, from the input layer to the output layer, passing through hidden layers.
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Fig. 1. Example of FFNN Architecture. Source: Authors’ elaboration
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2.3.2. Cascade-Forward Backpropagation Neural Network (CFBPNN)

In a Cascade-Forward BackPropagation Neural Network (CFBPNN), is similar to an FFNN in the use of the
backpropagation algorithm. However, each layer of neurons is connected to all previous layers [ 12], as Figure 2 shows.
This type of architecture gives the ability to have a memory of previous iterations [8].
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Fig. 2. Example of CFBPNN Architecture. Source: Authors’ elaboration

Two hidden layers with 30 and 50 neurons, respectively, were used for both networks. The same activation
functions for each layer of the neural network were maintained. In this case, the Elliot symmetric sigmoid transfer
activation function was used for the first hidden layer, the Hyperbolic tangent sigmoid for the second hidden layer,
and the Linear transfer function for the output layer. Figure 3 presents the activation functions [13 - 15].

Elliot symmetric transfer function 2 Hyperbolic tangent sigmoid transfer function Linear transfer function

08 08 4

Fig. 3. Activations Transfer functions. Source: Authors’ elaboration
2.4. Training and Evaluation

The neural networks were then trained using the prepared data. The dataset was divided into the default proportions,
allocating 70% for training, 15% for validation, and the remaining 15% for testing.

Initially, the neural feedforward network was trained using the Levenberg-Marquardt training function, and after
that, the Resilient backpropagation function was utilized. Performance metrics, including precision, sensitivity,
specificity, accuracy, F1-score, and Elapsed Time, were collected, aiming for a high accuracy rate as it helps in better
disease identification [16]. The same procedure was performed with the neural cascade-forward network, and the
results were compared.
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3. Results

After simulating the neural networks, the results were collected and organized as follows: Figure 4 shows the
confusion matrix for the Levenberg-Marquardt training function, comparing FFNN on the right to CFBPNN on the
left, where it is possible to see the True Positives, False Positives, False Negatives, and True Negatives.
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Fig. 4. Confusion Matrix for Levenberg-Marquardt train function. FFNN is on the right, and CFBPNN is on the left. Source: Authors’ elaboration

For better analysis, Table 1 presents the results of the Levenberg-Marquardt training algorithm in percentage for
precision, sensitivity, specificity, accuracy, F1-score, as well as Elapsed Time in seconds for training the two types of

architectures.

Table 1. Comparison of mean evaluation metrics by Levenberg-Marquardt training algorithm.

FENN CFBPNN
Precision 91,00% 90,20%
Sensitivity 91,20% 91,40%
Specificity 91,00% 90,30%
Accuracy 91,10% 90,90%
F1 Score 91,10% 90,80%
Elapsed time (s) 123 178

In the same way, the confusion matrix with the numbers of True Positives, False Positives, False Negatives, and
True Negatives for the Resilient Backpropagation training algorithm was collected, as illustrated in Figure 5,

comparing FFNN on the right to CFBPNN on the left.
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Fig. 5. Confusion Matrix for the Resilient backpropagation train function. FFNN is on the right, and CFBPNN is on the left. Source: Authors’
elaboration

In percentage Table 2 presents precision, sensitivity, specificity, accuracy, F1-score, and Elapsed Time in seconds
for training, all add for a better understanding of the Resilient backpropagation function.

Table 2. Comparison of architectures with evaluation metrics by Resilient backpropagation function.

FENN CFBPNN
Precision 89,60% 89,70%
Sensitivity 90,60% 90,50%
Specificity 89,70% 89,80%
Accuracy 90,10% 90,10%
F1 Score 90,10% 90,10%
Elapsed time (s) 12 17

4. Discussion and Conclusions

In this study, we undertook a comparative analysis of two neural network architectures aimed at diabetes prediction.
Both architectures were configured with identical numbers of hidden layers and neurons. The results gleaned from
our simulations provide valuable insights. Specifically, our findings suggest that the Feedforward Neural Network
(FFNN) architecture, when paired with the Levenberg-Marquardt training function, exhibits superior performance in
diagnostic prediction, primarily due to its notably higher accuracy in comparison with the other architecture.

Noting that FFNN performed better in this case because there wasn’t a temporal relationship between the data,
which CFBPNN could have taken advantage of.

Although, it's worth noting that while the Levenberg-Marquardt training function yielded superior results, it also
incurred a longer computational time compared to the Resilient backpropagation training function. This trade-off
between accuracy and computational efficiency underscores the importance of carefully selecting the appropriate
training function based on the application's specific requirements. Since the activation function of the output layer is
linear, a limit value of 0.5 was considered, through experimentation, to consider the output as 0 (control) or 1
(diabetes). The values of metrics used, such as precision, sensitivity, specificity, accuracy, and F1-score, are very close
to each other due to the dataset balancing. Therefore, there are no significant deviations in these metrics, as would
occur if the dataset were not balanced. However, because we decided to balance the dataset, the results are slightly
lower than those obtained using the entire dataset. The authors [17] using the same dataset, but maintaining the
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imbalance between health and pathological cases, reported an F1-score of 98.5% evaluated on the complete dataset
encompassing the training, validation, and test subsets. This approach differs from evaluating a balanced dataset. We
would obtain higher accuracy at the expense of lower specificity and a difference between accuracy and F1-score.

Looking ahead, future studies could delve deeper into exploring alternative neural network architectures and
training algorithms. By doing so, we may uncover novel approaches that not only enhance the accuracy of diabetes
prediction but also optimize computational efficiency. This ongoing exploration is crucial for advancing the field of
medical diagnostics and improving patient outcomes.
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