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ARTICLE INFO ABSTRACT

Diabetes mellitus is a non-communicable disease with a continuously increasing global
prevalence and impacts quality of life and long-term economic burden; therefore, data-
driven early detection is crucial to prevent clinical complications. This study aims to
develop a diabetes prediction model using the TabTransformer architecture by utilizing a
clinical dataset from Kaggle containing 100,000 patient profiles with more than 35
relevant numerical and categorical attributes. The research stages include preprocessing to
remove potential leakage features, target and feature separation, numerical normalization,
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recall, F1-score, and ROC AUC metrics. The results show competitive performance with
an accuracy of 82.55%, a diabetes class F1-score of 0.8527, and a ROC AUC value of
0.9009, indicating the model's discriminatory ability to reliably distinguish diabetic and
non-diabetic patients. Based on these results, the TabTransformer architecture has been
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1. Introduction

Diabetes mellitus is a non-communicable disease with a steadily increasing prevalence globally [1],[2],[3],[4].
The World Health Organization (WHO) reports that diabetes causes millions of deaths annually and contributes
significantly to the health and economic burden [5],[6],[7]. This disease not only impacts patients' quality of life
but also increases long-term medical costs, given its chronic nature and potential for serious complications such
as heart disease, kidney failure, amputations, and vision impairment.

Early prediction of diabetes mellitus risk is becoming increasingly important to minimize complications and
facilitate preventive interventions [8],[9],[10]. However, conventional approaches to identifying at-risk patients
are often based on manual examinations or subjective clinical judgment, potentially leading to human bias and
delayed diagnosis. The advent of modern computing technology allows for systematic and objective clinical data
processing, opening up opportunities for the use of artificial intelligence in predictive health systems
[11],[12],[13].

In recent years, machine learning has been used to classify diabetes-related health indicators. Algorithms such
as Random Forest, Support Vector Machine, and Logistic Regression have demonstrated good performance on
tabular clinical data [14],[15],[16]. However, one of the main challenges in health data is the presence of
categorical features with complex interactions between variables that are often not optimally captured by
traditional models.

To address this challenge, a Transformer architecture-based model, initially popular for text and sequential
data, has now been adapted for tabular data through TabTransformer. This model is capable of representing
embeddings in categorical features and capturing interactions between features using a self-attention mechanism
[17],[18],[19], thus expected to provide more accurate and stable classification results on clinical data than
traditional models [20],[21].

This study used clinical data on Diabetes Mellitus sourced from the Kaggle platform. The dataset contains
health indicators such as age, blood pressure, glucose levels, body mass index, insulin, and several other clinical
parameters commonly analyzed in health research. The labeling of the dataset allows for training a supervised
classification model to predict a patient's diabetes status based on the indicators [22],[23].
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The primary method used in this study is TabTransformer as a classification model for tabular data. This model

is considered suitable because it utilizes deeper representation learning for categorical and numeric features
simultaneously [24],[25]. By adopting an attention mechanism, the model is expected to be able to understand
implicit relationships between clinical variables that are often difficult to detect with conventional statistical

approaches. Based on the above description, this research was conducted to develop a health indicator

classification system for predicting diabetes mellitus using the TabTransformer model [26],[27]. The use of this

method is expected to not only improve prediction accuracy but also contribute to the development of data-driven

medical decision support systems. Furthermore, the research results are expected to serve as a reference for
implementing artificial intelligence in the health domain, particularly in the early prevention of chronic diseases.

2. State of the Art

2.1. TabTransformer Architecture

TabTransformer is a deep learning architecture specifically designed for processing heterogeneous tabular
data consisting of a combination of numerical and categorical features [28]. This model overcomes the limitations
of traditional machine learning methods like XGBoost and Random Forest, which rely on manual encoding of
categorical data, by leveraging embedding and self-attention to learn contextually representative representations
of categorical features. Through the embedding process, each category is converted into a fixed-dimensional
numeric vector that can be learned during training, preventing the loss of information between categories, as is the
case with one-hot encoding.

The main component of TabTransformer is the Transformer Block, which uses a multi-head self-attention
mechanism to capture latent relationships between categorical features before combining them with numerical
features. The combined representation is then passed to a Multi-Layer Perceptron (MLP) as the final classifier.
This approach allows the model to adaptively extract non-linear patterns and interactions between features,
resulting in more consistent performance on large-scale tabular data compared to classical models or conventional
deep learning models like pure MLP without attention.

2.2. Deep Learning on Health Data Tables

The application of deep learning to tabular health data has grown rapidly due to the availability of large-
scale medical datasets and the increasing complexity of clinical patterns that are difficult to model with traditional
methods [29]. Various deep learning models, such as Entity Embedding MLP, TabNet, and TabTransformer, have
been used for disease diagnosis, risk prediction, and disease severity classification based on clinical, demographic,
and lifestyle features. The advantage of deep learning approaches lies in their ability to learn latent representations
without the need for intensive manual feature engineering.

In health data, deep learning not only improves prediction accuracy but also provides generalizability to
heterogeneous and noisy data. Models like TabTransformer are able to capture non-linear interactions between
clinical attributes for example, the indirect relationship between age, family history, smoking patterns, and
metabolic biomarkers with diabetes status [30]. This makes deep learning a relevant approach to support early
detection systems, data-driven clinical decision-making, and the implementation of more precise predictive health
systems.

3. Method
3.1. Diabetes Dataset

In this research, we utilized a comprehensive diabetes dataset sourced from Kaggle as the primary dataset
for model development and evaluation. The dataset comprises 100,000 unique patient profiles containing more
than 35 medical and demographic attributes relevant to diabetes diagnosis and risk prediction. This dataset was
selected due to its clean and well-structured format, making it suitable for direct implementation in machine
learning pipelines.

Each record in the dataset includes a combination of numerical attributes such as age, bmi, glucose fasting,
cholesterol, and hbalc, as well as categorical attributes including gender, smoking status,
family history diabetes, and employment status. These attributes collectively represent both clinical
measurements and lifestyle-related factors that are commonly associated with the development and progression of
diabetes.

In addition to the feature set, the dataset provides two target variables that support supervised learning tasks,
namely:

1. diagnosed diabetes : used for binary classification (diabetic vs. non-diabetic)

2. diabetes_stage :used for multi-class classification of disease severity.
This dataset serves as a strong foundation for developing and validating machine learning models, particularly in
this study where the TabTransformer architecture is applied to handle heterogeneous tabular data. A detailed
summary of the attributes used is presented in Figure 1.
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Figure 1. Dataset

3.2. Architecture Of The Tab Transformer Model

The TabTransformer model is a deep learning architecture specifically designed to handle heterogeneous
tabular data with categorical and numeric features. Unlike traditional machine learning algorithms,
TabTransformer leverages a self-attention mechanism to capture complex interactions between features, especially
categorical variables, through learned embeddings. In this study, the model architecture consists of multiple
transformer blocks that process embedded categorical features alongside normalized numeric features, followed
by a multi-layer perceptron (MLP) classifier to generate predictions of diabetes diagnosis and disease stage. This
approach allows the model to exploit non-linear feature relationships and patterns, providing a robust framework
for accurate classification on large-scale clinical tabular data. The TabTransformer model architecture can be seen

in Figure 2.
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Figure 2. Architecture Of The Tab Transformer Model

Figure 2 illustrates the complete pipeline for predicting diabetes status and disease stage using the
TabTransformer architecture. The data used comes from a CSV file named 'diabetes_dataset.csv' with the initial
step of removing the 'patient_id' column. The selected features include five numeric features (age, BMI, fasting
glucose, cholesterol, HbA1lc) and four categorical features (gender, smoking status, family history of diabetes,
employment status). In the tabular preprocessing stage, missing values are handled (removing or using the mean),
numeric feature normalization, and categorical feature encoding into an embedding are performed. The
TabTransformer input processes the numeric features directly and the categorical features with a 32-dimensional
embedding. The transformer block consists of 4 layers with 8 attention heads, a feedforward dimension of 128,
GELU activation, and a dropout of 0.1 to generate a contextual embedding. Classification was performed using
MLP with two hidden layers [64, 32], ReLU activation, dropout 0.2, and produced binary output
'diagnosed _diabetes' and multi-class 'diabetes_stage' as the final prediction results.
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4. Results and Discussion
4.1. Preprocessing Data

In this stage, data preprocessing is performed to ensure the quality and suitability of the dataset before use
in the modeling process. This step includes removing identity columns and features that could potentially cause
data leakage, as well as rows with no values in the target columns. After preprocessing, the number of attributes
in the dataset was reduced from 31 to 27 columns without changing the number of data rows. The results of data
preprocessing can be seen in Table 1.

Table 1. Data Preprocessing
Stage Number of Rows Number of Columns Description
Raw dataset after loading

Before preprocessing 100.000 31 process from CSV file
Several columns that
could potentially cause

Setelah d?"p leakage & 100.000 27 data leaks as well as

missing target
untargeted rows were
deleted.

Table 1 shows the results of the data preprocessing stage performed before the modeling process. This stage
removed several features that could potentially cause data leakage, as well as rows with no values in the target
columns. This process reduced the number of columns from 31 to 27, while maintaining the 100,000 rows in the
original dataset.

4.1 Feature Engineering

At this stage, the target and predictor variables were systematically separated. All features except the target
column were placed as input (X), while the diagnosed diabetes column was used as the output variable (y).
Furthermore, the predictor features were grouped by data type to support further transformation processes. Details
of the results from this stage are presented in Table 2.

Table 2.Feature Engineering

Components Results

Target variable (y) The diagnosed diabetes column was successfully separated as an output
variable.

Predictor variable (X) All columns other than the target are defined as inputs to the model.

Number of categorical features There are 6 categorical type features

Number of numeric features There are 20 features of numeric type

Readiness for the next stage The dataset is ready to undergo further transformation processes such as

encoding and normalization.

4.2 Model Results And Performance.

This section presents the results and performance evaluation of the TabTransformer model applied to the
diabetes dataset. The model was trained to predict both diabetes diagnosis (binary classification) and diabetes stage
(multi-class classification). Performance metrics such as accuracy, precision, recall, F1-score, and loss values are
reported to assess the model’s effectiveness.

Table 3. Performance Model

Model Class Precision Recall Fl-score Accuracy
TabTransformer 0 0.7716 0.8006 0.7858 0.8255
1 0.8637 0.8420 0.8527

Table 1 presents the performance evaluation of the TabTransformer model for predicting diabetes
diagnosis. The results are reported for each class, where class 0 represents non-diabetic patients and class 1
represents diabetic patients. The model achieved an accuracy of 82.55%, demonstrating strong overall predictive
capability. For class 0, the precision, recall, and F1-score were 0.7716, 0.8006, and 0.7858, respectively, indicating
that the model effectively identifies non-diabetic cases. For class 1, the model achieved a higher precision of
0.8637 and recall of 0.8420, resulting in an F1-score of 0.8527, reflecting its robustness in correctly predicting
diabetic cases. These results suggest that the TabTransformer model is capable of capturing complex patterns in
the clinical tabular data, leading to reliable classification performance across both target classes.
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4.3 ROC Curve (Receiver Operating Characteristic Curve)

The ROC (Receiver Operating Characteristic Curve) curve is used to demonstrate the model's ability to
discriminate between positive and negative classes. This curve visualizes the relationship between the True
Positive Rate (TPR) and False Positive Rate (FPR) at various thresholds, providing a comprehensive overview of
the classification model's performance. Furthermore, the area under the curve (AUC) provides a quantitative
measure of the model's discriminatory ability, with higher AUC values indicating better performance. The results
can be seen in Figure 3.
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Figure 3. Receiver Operating Characteristic Curve

As shown in Figure 3, the ROC Curve illustrates the classification performance of the TabTransformer model
in distinguishing patients with and without diabetes. The model achieved a high ROC AUC score of 0.9009,
indicating excellent discriminative capability. This result demonstrates that the model is able to correctly identify
positive cases while minimizing false positives, reflecting its robustness and reliability for predicting diabetes
based on clinical tabular data.

4.4 Model Implementation

This stage implements a machine learning model using the TabTransformer architecture as the primary
algorithm for classifying diabetes status. The model is initialized with predetermined parameters and then trained
using data that has undergone preprocessing and feature engineering. Additionally, an optimization mechanism,
loss function, and evaluation scheme are developed to ensure the training process runs systematically and produces
optimal results. The implementation can be seen in Figure 4.

criterion - nn.BCEWithLogitsloss() # binary
optimizer = torch.optim.Adamii(nodel.parameters(), lr=le-3, weight decay=1le-5)
scheduler = torch.optin. lr_scheduler.ReducelROnPLateau(

optimizer, mode='max', factor=8.5, patience=2

)

def train_epoch(model, loader, optimizer):
model. train()
total_loss = 0.8
for batch in loader:
x_num = batch["num"].to(device)
x_cat = batch["cat"].to(device)
y = batch["y"].to(device).float()

optimizer.zero_grad()
logits = model(x_num, x_cat)
loss = criterion(logits, y)
Loss.backuard()
optimizer.step()
total_loss += loss.item() * x_num.size(@)
return total loss / len(loader.dataset)

def eval epoch(model, loader):
model.eval()
preds =
trues =
with torch.no_grad():
for batch in loader:
x_num = batch["num"].to{device)
x _cat = batch["cat"].to(device)
y = batch["y"].to(device). cpu() . numpy ()
logits = model(x_num, x_cat).cpu().numpy()
probs = 1 / (1 + np.exp(-logits))
yhat = (probs >= 8.5).astype(int)
preds.extend(yhat. tolist())
trues.extend(y. tolist())
acc = accuracy_score(trues, preds)
return acc, preds, trues

Figure 4. Code Coding implementation of TabTransformer architecture
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Figure 4 shows part of the TabTransformer model training process, where the BCEWithLogitsLoss loss

function is defined for the binary classification case, as well as the AdamW optimizer and ReduceLROnPlateau

scheduler to regulate the learning rate during training. The train_epoch() function is used to run one training cycle

by performing a forward pass, loss calculation, backpropagation, and updating the model weights on each data

batch. Meanwhile, the eval epoch() function is used to evaluate the model without the weight update process, by

generating probability-based predictions, performing classification using a 0.5 threshold, and calculating accuracy

as a model performance metric on the validation data. Thus, these two functions act as core utilities for running
the model training and evaluation process systematically.

4.5 Discussion

Model implementation results demonstrate that the TabTransformer architecture is capable of learning complex
patterns in tabular clinical data containing a combination of categorical and numeric features. The self-attention
mechanism in the transformer allows the model to contextually capture dependencies between categorical features
before combining them with numeric features and processing them with the MLP for classification. The training
phase was systematically executed using the BCEWithLogitsLoss loss function for binary classification, and the
AdamW optimizer and ReduceLROnPlateau scheduler to maintain the stability of the learning process. Model
evaluation was performed independently without weight updates to ensure objective performance measurements
on validation data.

Overall, this implementation process resulted in a model with competitive performance for diabetes
classification tasks, as reflected by high accuracy, Fl-score, and ROC-AUC values. The model not only
demonstrated the ability to accurately identify patients with diabetes but also maintained consistent performance
in the non-diabetic class. Thus, the application of TabTransformer to large-scale medical data has proven effective
in addressing tabular data-based clinical prediction problems and opens up opportunities for the development of
more accurate and reliable machine learning-based medical decision support systems.

5. Conclusions

Based on the research results, the application of the TabTransformer architecture to clinical tabular data for
diabetes prediction has been proven to provide robust and reliable performance. The pre-processing and feature
engineering processes successfully prepare the data systematically, while the self-attention mechanism in
TabTransformer is able to capture complex relationships between numerical and categorical features. The model
evaluation shows an accuracy of 82.55% with a ROC AUC value of 0.9009, indicating the model's excellent
discriminatory ability in distinguishing diabetic and non-diabetic patients. Thus, TabTransformer is worthy of
consideration as an effective approach for the development of large-scale medical data-based prediction systems.
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