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Shiva Saffari, Mahdi Bahaghighat 
Imam Khomeini International University, Computer Engineering Department, Qazvin, Iran  

Abstract. Approximately 460 million individuals were living with diabetes globally in 2023. This study explores and contrasts methods for forecasting 

hospital readmissions among diabetic patients by integrating traditional approaches with modern deep learning frameworks. In this work, a variety 

of deep learning architectures – including recurrent models like LSTM and GRU, as well as CNNs and Autoencoders – are examined along with 
conventional machine learning approaches. Four essential metrics – accuracy, precision, recall, and F1-score – were employed to measure and compare 

the effectiveness of different models. The results revealed that deep neural network methods significantly outperformed classical machine learning 

algorithms. Among traditional methods, the Decision Tree achieved the highest effectiveness. However, the LSTM network demonstrated superior 
performance, achieving scores of 0.74 for accuracy, 0.73 for precision, 0.74 for recall, and 0.73 for the F1-score. Additionally, the GRU and Vanilla 

LSTM models exhibited performance close to the best model, indicating that recurrent networks are more suitable for this problem than traditional 

methods.  
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INFORMATYKA I POMIARY W OPIECE ZDROWOTNEJ: GŁĘBOKIE UCZENIE SIĘ 

W CELU PRZEWIDYWANIA PONOWNYCH HOSPITALIZACJI PACJENTÓW Z CUKRZYCĄ 

Streszczenie. W 2023 r. na całym świecie na cukrzycę cierpiało około 460 milionów osób. Niniejszy artykuł analizuje i porównuje metody prognozowania 

ponownych hospitalizacji pacjentów z cukrzycą poprzez połączenie tradycyjnych podejść z nowoczesnymi frameworkami głębokiego uczenia się. W ramach 
niniejszej pracy przeanalizowano różne architektury głębokiego uczenia się – w tym modele rekurencyjne, takie jak LSTM i GRU, a także CNN 

i autoenkodery – wraz z konwencjonalnymi podejściami do uczenia maszynowego. Do pomiaru i porównania skuteczności różnych modeli wykorzystano 

cztery podstawowe wskaźniki – dokładność, precyzję, czułość i F1-score. Wyniki wykazały, że metody głębokich sieci neuronowych znacznie przewyższały 
klasyczne algorytmy uczenia maszynowego. Spośród metod tradycyjnych najwyższą skuteczność osiągnęło drzewo decyzyjne. Jednak sieć LSTM wykazała 

się lepszą wydajnością, osiągając wyniki 0,74 dla dokładności, 0,73 dla precyzji, 0,74 dla czułości i 0,73 dla F1-score. Ponadto modele GRU i Vanilla 

LSTM wykazały wydajność zbliżoną do najlepszego modelu, co wskazuje, że sieci rekurencyjne są bardziej odpowiednie dla tego problemu niż metody 
tradycyjne. 

Słowa kluczowe: cukrzyca, uczenie maszynowe, uczenie głębokie, sieci neuronowe, głębokie modele 

Introduction 

Diabetes mellitus is a multifactorial metabolic disorder 

marked by sustained hyperglycemia caused by inadequate insulin 

secretion [17]. It is one of the most significant global public 

health challenges, drawing immense attention from researchers 

and clinicians due to the rising number of patients and the high 

cost of care. According to a 2023 report by the WHO, more than 

460 million individuals globally were living with diabetes, 

and this number continues to rise [33]. In 2017, global estimates 

placed the diabetic population at around 425 million, with 

projections suggesting a rise to 629 million by 2045. This grim 

trend is driven primarily by accelerating rates of obesity 

and unhealthy lifestyles characterized by poor diets and physical 

inactivity. Moreover, these lifestyle habits are strongly influenced 

by broader social factors, such as global dietary changes 

– a phenomenon known as the "nutrition transition" [12]. 

Many challenges exist in managing diabetes; among them, 

the most significant is the frequent hospital readmission 

of patients due to ineffective disease management after discharge. 

In this context, hospital readmission refers to the situation 

in which a patient, after being discharged from care, returns 

for an additional round of treatment. Common reasons for these 

readmissions include symptomatic relapses, noncompliance 

with prescribed treatment regimens, and a lack of proper follow-

up care – all of which can adversely affect healthcare outcomes 

and inflate medical costs. Therefore, predicting the probability 

of readmission among diabetic patients within 30 days post-

discharge is crucial [25]. Such predictions can facilitate more 

efficient treatment strategies, reduce hospital costs, and improve 

overall patient care [11, 32]. 

Predicting hospital readmission in diabetic patients 

is commonly approached through supervised learning techniques. 

These approaches rely on various patient-related features, 

including demographic characteristics, clinical history, and lab test

outcomes, to estimate readmission probability [9]. In recent years, 

conventional algorithms such as logistic regression and SVM, 

alongside more advanced deep architectures like Convolutional 

and Recurrent Neural Networks, have also been employed 

to improve prediction performance. Despite their potential, these 

algorithms face practical challenges, including limited accuracy 

and difficulties in handling complex datasets. 

Prior research suggests that failing to adopt advanced 

models – and neglecting modern techniques for data integration, 

hybrid modeling, and data optimization – can result in reduced 

accuracy and performance. Moreover, deep learning approaches, 

which utilize complex, multi-layered neural architectures, 

can learn layered feature abstractions directly from raw input data. 

In contrast, conventional ML techniques typically depend 

on handcrafted input features, which may not be as effective 

at detecting intricate patterns [34]. 

This paper aims to develop better prediction of diabetic 

patient hospital readmission through designing and tuning deep 

neural network models. In order to do this, we have trained 

and compared a large number of classification models – from 

traditional classification techniques, including logistic regression, 

decision tree algorithms, and SVM, to more complex ones (such 

as CNNs, LSTMs, hybrid CNN–LSTM models, GRUs, vanilla 

LSTM networks, and even autoencoders). Our study reached 

a significant level of accuracy over previous work by performing 

an extensive analysis of multi-dimensional datasets of persons 

with diabetes. 

The paper first provides an overview of previous studies 

in Section 1, and then presents a comprehensive discussion 

on the proposed methodology and implementation details 

in Section 2. Section 3 presents a thorough explanation 

of the evaluation criteria, while Section 4 discusses the results 

obtained by the proposed models along with comparisons 

to earlier research. Lastly, the final section summarizes 

and presents propositions for future research. 
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1. Related works 

Many of the articles discussed in this section have used 

the same dataset that we employed in our study to predict hospital 

readmissions among diabetic patients (see Section 2.1). 

This dataset contains clinical records from diabetic patients 

at over 130 hospitals in the United States and is widely used 

in research on hospital readmission prediction and healthcare 

system performance improvement, owing to its significance 

and standing in the medical community. 

According to reference [4], several computational algorithms 

were assessed to estimate the risk of hospital re-entry among 

individuals suffering from diabetes. This research explores how 

various algorithms perform – logistic regression, SVM, tree-based 

ensembles like random forest, and gradient boosting models 

such as LightGBM [5] – after applying a set of preprocessing 

techniques. According to the results, LightGBM achieved slightly 

superior performance compared to the other models. Nevertheless, 

the research presents certain shortcomings, including limited 

consideration of influential variables, exclusive reliance 

on the AUC metric, and a lack of comprehensive feature analysis 

for enhancing predictive accuracy. 

Another study also applied machine learning methods 

to predict hospital readmissions for diabetic patients. The findings 

in [3] suggest that the random forest algorithm achieved superior 

performance compared to the other evaluated models. 

Additionally, cost analysis showed that these models could 

contribute to significant financial savings in the management 

of diabetic patients. One drawback of this research lies 

in its exclusive reliance on the AUPRC metric for assessing 

model performance. This narrow focus may limit the depth 

of evaluation, as it does not take into account other critical 

measures like overall accuracy, recall, or the F1-score.  

[29] examines the issue of predicting hospital readmissions 

for diabetic patients within 30 days after discharge. Given 

the rising treatment costs and complications associated with 

diabetes, this study seeks to enhance health management 

and reduce costs by accurately predicting patient readmissions. 

The study utilized feature reduction methods, including raw sets, 

Boruta and recursive feature elimination and found that recursive 

feature elimination delivered the best performance in improving 

prediction accuracy. Evaluation outcomes revealed that the C4.5 

decision tree was the least accurate model, achieving only 59.67% 

accuracy with the Boruta feature selection method. Conversely, 

using the SVM algorithm in combination with a feature selection 

technique based on recursive elimination yielded the highest 

classification accuracy, which reached 63.97% [29]. 

Another study attempted to forecast the probability 

of readmission of hospitalised diabetic patients with several 

data mining models. Among all the models evaluated in this study, 

the SVM algorithm showed the highest overall performance, 

achieving an accuracy score of 63.38%. Other techniques used 

to improve the accuracy of predictions include mix of different 

techniques for feature reduction and data re-classification [22]. 

A different investigation examined a range of supervised 

learning methods – such as k-Nearest Neighbors (KNN), logistic 

models, probabilistic classifiers like naive Bayes, tree-based 

algorithms, ensemble strategies like random forests, and boosting 

techniques – and found that boosting models yielded the highest 

predictive accuracy. The accuracy of this model reached 

approximately 65% in the testing phase; however, the recall 

and precision were reported as 57% and 18%, respectively, 

highlighting significant challenges in accurately identifying 

patients at risk of readmission [13]. 

In a different study, researchers evaluated the performance 

of four classification algorithms: naive Bayes, random forest, 

logistic regression, and a multilayer perceptron neural network. 

Without feature reduction results of Multilayer Perceptron were

61.91% and Logistic Regression gave even slightly better result 

of 61.97%. This system Multilayer Perceptron achieved accuracy 

of 62.14% when feature selection was applied. In this study, 

it was noted that feature selection may affect prediction accuracy 

but not significantly in this case [1]. 

Building on previous research, this study leverages advanced 

deep learning techniques and a systematic model design to achieve 

high accuracy in analyzing diabetic patient data. Moreover, 

the study avoids relying on just one evaluation metric by applying 

a comprehensive assessment framework that includes precision, 

recall, F1-score, and accuracy. This broader perspective enhances 

the understanding of model performance and emphasizes how 

the proposed method improves upon earlier approaches. 

2. Methodology 

This research addresses the challenge of forecasting hospital 

reentries among individuals with diabetes, a critical issue faced 

by modern healthcare systems. Readmission of diabetic patients 

causes higher healthcare costs, poor quality of life for patients 

and additional pressure on health systems. Hence, detecting 

patients that have a higher risk of readmission, which allows 

optimizing treatment management and reducing costs. Having 

multifactorial nature, the complex nature of patient data along 

with the need of efficient ways to analyze this data is one 

of the biggest challenges of this issue. 

2.1. Dataset 

For this research, the dataset selected was the "Diabetes 130-

US Hospitals for years 1999-2008" dataset [8] from the UCI 

Machine Learning Repository. The information about diabetic 

patients [4] in this dataset is varied and the sources of this data 

are among the most credible, so it has received the most references 

in the context of relevant scientific communities [3–5]. 

By analyzing these data, we wish to predict the 30 day 

readmissions to a hospital and identify patterns associated with 

readmissions so that we can predict them better. There are 101,766 

records and 50 different features including patient ID, race, 

gender, age, weight, type of admission, time in hospital, number 

of medical tests, medication, and diagnosis related information. 

2.2. Data preprocessing 

The dataset was loaded and checked for the number 

of samples, columns, missing values and datatypes. As per 

the analysis we have 13 numerical features and 37 categorical 

features in the dataset. Table 1 summarizes the numerical 

variables used in the study, while Table 2 displays a selection 

of the categorical attributes. 

Table 1. summary of the dataset's numerical attributes 

Feature Name Attribute Definition 

encounter_id Identifier for each hospital visit 

patient_nbr Identifier for the patient 

admission_type_id Type of admission 

discharge_disposition_id Type of discharge 

admission_source_id Source of admission 

time_in_hospital Length of stay (days) 

num_lab_procedures Count of laboratory tests conducted 

num_procedures Count of clinical procedures 

num_medications Number of medications administered 

number_outpatient Count of ambulatory care encounters 

number_emergency Frequency of emergency room admissions 

number_inpatient Frequency of patient hospitalizations 

number_diagnoses Total diagnostic codes assigned to the patient 
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Table 2. Summary of the dataset's categorical attributes 

Feature Name Attribute Definition 

race Patient's race 

gender Patient's gender 

age Grouped age category of the patient 

weight Patient's weight 

payer_code Payer code 

medical_specialty Related medical specialty 

diag_1 Primary diagnosis 

diag_2 Secondary diagnosis 

diag_3 Tertiary diagnosis 

max_glu_serum Maximum glucose serum level 

A1Cresult Hemoglobin A1C test result 

Various medications 

(e.g., metformin, insulin) 
Medication usage status (No, Up, Down, Steady) 

change Change in medications (Yes/No) 

diabetesMed Use of diabetes medications (Yes/No) 

readmitted Patient readmission status (NO, <30, >30) 

 

 

Fig. 1. Heatmap of feature correlations 

Figure 1 illustrates a heatmap depicting the relationships 

among the dataset’s numerical variables. Each cell displays 

the Pearson correlation coefficient between a pair of features. 

Coefficients near 1 or -1 reflect strong positive or negative 

relationships, respectively, whereas values close to 0 suggest 

minimal or no correlation. The analysis highlights several notable 

correlations, including a relatively strong correlation between 

patient_nbr and encounter_id (0.512) and a correlation between 

num_medications and time_in_hospital (0.466). Additionally, 

other significant correlations are observed, such as between 

num_medications and num_procedures (0.386) and between 

num_lab_procedures and time_in_hospital (0.318). Such insights 

reveal interdependencies among variables, which can inform 

more effective feature selection strategies and contribute 

to dimensionality reduction efforts in model development. 

In this study, the target variable is the 'readmitted' attribute, 

which reflects if and when a patient returns to the hospital 

– categorized as within 30 days, after 30 days, or not readmitted 

at all. Analyzing the distribution of values in the target 

column revealed a significant class imbalance. Specifically, 

53.9% of patients fall into the "no readmission" (NO) category, 

34.9% correspond to the ">30 days readmission" group, while 

only 11.2% belong to the "<30 days readmission" category 

(see Figure 2). This uneven distribution highlights the need 

for data balancing techniques for enhancing model effectiveness. 

presents a bar chart illustrating how target classes are distributed, 

with evident differences in sample counts between the classes. 

Such an imbalance in class distribution may adversely affect both 

the predictive accuracy and the generalization capability

of the models, thus requiring careful handling during model 

development. Since the primary goal is to predict readmission 

within 30 days, this becomes a binary classification problem, 

where values less than 30 days are considered class 1 and other 

values are considered class 0. 

To address missing values in continuous variables, the median 

was used as a replacement, given its resilience to the influence 

of outliers. Categorical fields were encoded numerically through 

label encoding to facilitate compatibility with machine learning 

models. Next, all numerical features were standardized 

by adjusting them to have a zero mean and a standard deviation 

of one – a step that enhances model stability during training 

and improves prediction accuracy. The data was partitioned 

into three distinct portions: 60% allocated for model learning, 

20% used during the validation phase and for tuning 

hyperparameters, and the remaining 20% set aside for test phase. 

To address class imbalance within the data, the SMOTE 

algorithm (Synthetic Minority Over-sampling Technique) 

was applied. This approach generates artificial samples 

for the underrepresented class, which helps balance the dataset 

and enhances the model’s ability to detect meaningful structures. 

This preprocessing step prepared the data for modeling 

and improved its quality. 

 

Fig. 2. Distribution chart of target column values 

2.3. Models 

This study utilized several classical machine learning 

techniques – such as logistic regression, decision tree algorithms, 

and support vector machines – to assess their performance 

in comparison with more complex architectures, including CNNs 

and LSTM networks, among other deep learning approaches. 

 

Logistic regression 

In medical and epidemiological studies, logistic regression 

remains a widely adopted approach for modeling  

outcome variables [20]. Unlike linear regression, which produces 

a continuous range of output values, logistic regression utilizes 

the sigmoid function to map predictions to a probability score 

between 0 and 1. This number signifies the likelihood 

of a specific class being predicted. The benefits of this model 

are its simplicity, interpretability, and effectiveness when data 

are linear and separable [24]. The core parameters of the model, 

along with their respective values and brief descriptions, 

are detailed in Table 3 below. 

Table 3. Parameter setup for implementing the logistic regression algorithm 

Parameter Value Used Parameter Info 

solver 'lbfgs' Optimization algorithm 

max_iter 1000 Maximum number of iterations 

C 0.1 Regularization strength parameter 

penalty 'l2' Type of regularization 

class_weight 'balanced' Adjusts class weights to handle class imbalance 
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Decision tree 

Decision tree models offer a simple yet intuitive approach 

to classification by mapping possible outcomes through 

a hierarchical structure of conditions. This model consists 

of nodes, where each node selects a feature from the data 

and compares it to a specific value. This process continues until 

the model divides the data into final categories [31]. 

The advantages of decision trees include their simplicity 

of interpretation and the lack of need for complex preprocessing. 

On the downside, this model can overfit when working with large 

datasets. Table 4 presents the key parameters of this model, along 

with the default values and relevant explanations. 

Table 4. Parameters and settings of the decision tree model 

Parameter Value Used Parameter Info 

criterion 'gini' Criterion for splitting the nodes 

max_depth 5 
Limits how many levels the tree can grow 

downward from the root node 

min_samples_split 2 
Smallest number of samples needed to divide 

a non-leaf (internal) node 

min_samples_leaf 20 
Minimum required samples for a node to be 

considered a final (leaf) node 

class_weight 'balanced' 
Adjust class weights to address class 

imbalance 

random_state 42 Set the initial value for reproducible results 

 

Support Vector Machine (SVM) 

Support Vector Machines (SVMs) belong to the category 

of supervised learning techniques and are applicable to both 

classification and regression problems, although they are more 

commonly employed for classification tasks [15]. SVM works 

by determining the hyperplane that best separates the two classes 

by maximizing the margin between their closest data points [14]. 

This property of the algorithm allows to effectively handle 

complex and non-linear problems; thus, it can be effectively 

applied in the domains of pattern recognition and image analysis 

[10]. The main parameters of this model with default values 

and descriptions are given in Table 5. 

Table 5. Parameters and settings for the support vector machine model 

Parameter Value Used Parameter Info 

C 1 
Penalty factor controlling the decision boundary's 

smoothness 

kernel 'rbf' 
Kernel function that transforms input data into 

feature space 

gamma 'scale' Parameter related to the kernel function 

random_state 42 Initial value for reproducible results 

probability True Enables class probability estimation 

class_weight 'balanced' Adjusts class weights to address class imbalance 

 

Convolutional Neural Networks (CNNs) 

CNNs are a class of neural architecture used in deep learning, 

specifically developed to process structured data arranged 

in a grid-like format, such as images. Their key advantage 

is their capability to autonomously learn informative 

representations from raw image data through deep learning 

methods [27]. CNNs are particularly effective in applications like 

categorizing images, detecting objects, and recognizing visual 

patterns, owing to their strength in capturing spatial dependencies 

within data [2]. In this research, despite working with non-image 

data, CNNs were employed to extract hidden patterns 

and complex relationships between features. This decision was 

made due to the effectiveness of these networks in identifying 

connections across different dimensions of the data. 

The architecture of this model utilizes several convolutional 

layers and feature analysis layers to extract complex features. 

The proposed architecture is composed of three sequential 

convolutional blocks. The initial block integrates two convolu-

tional layers, each with 64 filters, and applies batch normalization 

and max pooling after every layer. Dropout is incorporated 

to reduce the risk of overfitting. In the subsequent block, 

the number of filters is doubled to 128, enabling the extraction

of more abstract and complex features. The third block further 

increases filter depth to 256, and integrates a global average 

pooling layer to reduce dimensionality. Finally, several dense 

layers are added following the convolutional components 

to further refine extracted features and enhance the model’s 

predictive accuracy. These layers have 256 and 128 neurons 

and L2 regularization is used to prevent overfitting. To finalize 

the network architecture, an output layer composed of fully 

connected neurons and governed by a sigmoid activation function 

is integrated, enabling the model to produce probabilistic 

outcomes for binary classification tasks. 

 

Long Short-Term Memory (LSTM) 

This model has two main concepts – cell state and gates. 

The cell state also keeps the information across the sequence 

and it is the memory of the network [6]. In contrast, Gateways 

manages the cell status information. These essentially separate 

networks of neurons decide which the information that will 

remain in the state of the cell [21]. They must also learn to select 

what knowledge to retain or forget. LSTM cells contain 

three primary gates – input, forget, and output – each of which 

is responsible for selectively managing the flow of information 

over time. Based on this structure, the activation of the input gate 

can be expressed approximately as follows [16]: 

 𝑖𝑡 =  σ(Wi[ℎ𝑡−1. 𝑥𝑡] + bi) (1) 

 𝐶𝑡 =  tanh(Wc . [ℎ𝑡−1. 𝑥𝑡] + bc) (2) 

Consider it to be the input gate, the prior hidden state (ht−1), 

and the current input (xt); the new value is then calculated 

accordingly [16]: 

 𝐶𝑡 =  𝑓𝑡 ∗ 𝐶𝑡−1 + 𝑖𝑡 ∗ 𝐶𝑡 (3) 

where Ct-1 is the previous cell state, ft is the forget gate, 

it is the input gate, and Ct is the updated cell state at time step t. 

The architecture implemented in this work includes an LSTM 

layer composed of 128 units. This architecture is particularly 

advantageous when working with sequential inputs, as it enables 

the model to effectively learn temporal dynamics and retain long-

range contextual relationships. 

Since the neurons in this layer are sequentially connected, 

it effectively transfers prior time-step information to the current 

processing step. The hyperbolic tangent (tanh) activation function 

is used in this layer to normalize input values within the range 

of -1 to 1. ot and ht can be obtained according to Equations (4) 

and (5) [16]: 

 𝑜𝑡 =  σ(Wo[ℎ𝑡−1. 𝑥𝑡] + bo) (4) 

 ℎ𝑡 =  𝑜𝑡 ∗ tanh(𝐶𝑡) (5) 

where ot is the output gate activation, ht denotes the hidden state, 

and Ct represents the cell state. 

LSTM networks utilize the Sigmoid activation function within 

their gate structures to control how information is retained 

and transmitted. It is similar to the hyperbolic tangent, 

but the values are within a scale of 0 to 1. That is useful 

for data updates or for forgetting. The ft is computed using 

Equation (6) [16]:  

 𝑓𝑡 =  σ(Wf. [ℎ𝑡−1. 𝑥𝑡] + bf) (6) 

where bf represents the bias term, while ft denotes the activation 

of the forget gate. 

The architecture of this model is three recurrent layers 

of LSTM network with 128 units, 256 units and 128 units 

respectively. There are batch normalisation layers after each 

of the recurrent layers and a dropout layer at the end to avoid 

overfitting. After the recurrent components, the architecture 

includes dense layers containing 128 and 64 neurons, each 

employing ReLU activation. The network concludes with 

a densely connected output layer employing a sigmoid activation, 

designed to generate probability estimates corresponding to each 

class in a binary decision task. This model's proposed architecture 

is displayed in Figure 3. 
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Fig. 3. Architecture overview utilizing LSTM model 

Vanilla LSTM 

The Vanilla LSTM architecture includes a stack of three 

LSTM layers comprising 128, 256, and 128 units, respectively. 

To enhance model generalization and stability, batch 

normalization and dropout techniques are applied following 

the recurrent layers. Subsequently, two dense layers with 128 

and 64 units are employed, ending in an output node activated 

by a sigmoid function to facilitate binary classification. Prior 

to training, the input data is reshaped to conform with the model’s 

expected input format. 

 

Hybrid CNN-LSTM  

The model architecture begins with convolutional layers 

designed to capture meaningful patterns and feature interactions 

across the input variables. It includes two convolutional 

layers with 64 and 128 filters, each configured with a 3-by-3 

receptive field. These are subsequently processed through batch 

normalization and max pooling operations to improve training 

stability and reduce data dimensionality. The processed feature 

maps are then passed to two LSTM layers containing 256 and 128 

units, which help identify complex dependencies and temporal 

structures. The model concludes with two fully connected layers, 

where ReLU functions are applied to hidden units and a sigmoid 

function is used in the output layer to generate binary 

classification predictions for patient readmission. 

 

Autoencoder as a feature extractor 
An autoencoder is a specialized neural network architecture 

developed to perform dimensionality reduction by learning 

efficient, compressed representations of input data [18]. 

The model updates its weights via backpropagation, aiming 

to reduce the reconstruction error that measures how much 

the decoder’s output deviates from the original input [30]. 

In this study, an autoencoder framework is utilized, consisting 

of two key components: an encoding unit and a decoding unit. 

The encoder maps input 𝑥 onto a lower-dimensional latent 

representation 𝑧. Mathematically, the encoder can be described 

as follows: 

1) It comprises a stack of fully connected layers. Each layer 

transforms its input through a linear projection, applies 

a ReLU nonlinearity, and incorporates dropout to help prevent 

overfitting. Specifically, for the i-th layer (i = 1, 2, 3). 

 ℎ𝑖 =  Dropout(σ(Wiℎ𝑖−1  +  bi)) (7) 

where hi−1 denotes the output vector from the preceding layer 

(with h0 = x). Wi and bi  represent the trainable parameters 

– specifically, the weight matrix and bias term – associated with 

layer i. σ refers to the non-linear activation function applied in this 

context – specifically, the Rectified Linear Unit (ReLU), 

represented by the function σ(z) = max (0, z). Dropout operates 

by deactivating a random subset of neurons (rate = 0.3) at each 

training iteration, which helps prevent overfitting. 

2) Encoding Layer: The final encoding layer produces the latent 

representation z: 

 𝑧 =  σ(Weℎ3  + be)  +  λ ∥ 𝑧 ∥1 (8) 

where We and be represent the learnable parameters – the weights 

and biases – associated with the encoder. λ is the regularization 

strength for the L1 activity regularizer, which encourages sparsity 

in z. 

The decoder reconstructs the latent representation z back 

to the original input dimensions ˆx: 

1) Fully Connected Layers: Each layer performs a linear 

transformation, followed by applying the ReLU function 

to introduce non-linearity. 

 ℎ′𝑖  =  σ(W′iℎ′𝑖−1 +  b′i) (9) 

where h'i−1 denotes the activation output obtained from 

the previous layer in the network (with h′0 = z). W′i and b′i 

are the weight matrix and bias term assigned to the i-th layer 

of the decoder. 

2) Output Layer: The reconstruction is carried out by the final 

layer, which applies the tanh activation function to produce 

output values within the range of −1 to 1. 

 𝑥̂ =  tanh(Woℎ′3 + bo) (10) 

where Wo and bo refer to the trainable parameters linked 

to the network’s final output layer – namely, its weight matrix 

and corresponding bias component. 

The training objective of the autoencoder is to reduce 

the discrepancy between the input and its reconstruction, which 

is commonly quantified by the Mean Squared Error (MSE) metric: 

 𝐿𝐴𝐸(𝑥. 𝑥̂) =
1

n
 ∑ (𝑥𝑖−x̂𝑖)2𝑛

1  (11) 

where n denotes the size of the input vector, referring 

to the complete set of input features. 

In this work, the encoder includes three consecutive fully 

connected layers with 512, 256, and 128 neurons. Each layer 

incorporates dropout with a probability of 0.3, serving 

as a regularization mechanism to mitigate overfitting. 

In the decoder section, the encoded data is progressively 

reconstructed to its original dimensions through three fully 

connected layers with 128, 256 and 512 neurons. 

The same data is also fed into a classification model using 

the original features (without the use of the autoencoder). 

The classification network is built with two intermediate layers, 

containing 64 and 32 units respectively. The model is designed 

to classify if a patient is likely to return for hospital admission, 

formulated as a binary prediction task. It consists of:  

1) Fully connected layers, where each hidden layer performs 

a linear mapping followed by the ReLU non-linearity: 

 ℎ𝑗 = σ(Wjℎ𝑗−1  +  bj) (12) 

where hj−1 corresponds to the output from the preceding layer 

(with h0 = x(. Wj and bj are trainable parameters defining 

the transformation applied in the j-th layer, specifically its weight 

matrix and associated bias term. 

2) Output Layer: A sigmoid activation is applied in the output 

layer to produce a probability value 𝑝, which reflects 

the estimated chance of the patient being readmitted. 

 𝑝 =  σ(Woℎ2 + bo) (13) 

where Wo and bo represent the parameters associated with 

the output layer, namely the weight matrix and bias term. 

The sigmoid activation maps the output into a probability score 

ranging from 0 to 1. 
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 σ(𝑧) =
1

1+e−𝑧
 (14) 

where z is the input to the sigmoid function. 

The classification model is trained using binary cross-entropy 

loss as Equation (15): 

𝐿𝐶𝐿𝐹(𝑦, 𝑝) = −
1

N
 ∑ (𝑦𝑖 log(𝑝𝑖) + (1 − 𝑦𝑖) log(1 − 𝑝𝑖))N

1  (15) 

where yi represents the binary label (0 or 1) assigned to the i-th 

sample. pi indicates the model's estimated probability 

that the corresponding instance will result in readmission. 

N denotes the complete sample size used in the dataset. 

 

Gated Recurrent Unit (GRU) model 

This architecture is composed of three sequential layers 

containing 128, 256, and 128 units, respectively. This model 

includes dense layers consisting of 128 and 64 units, 

with normalization and dropout applied to improve generalization. 

Finally, the output layer applies a sigmoid function. Figure 4 

illustrates the proposed architecture based on this model. 

 

Fig. 4. The suggested model architecture utilizing GRU networks  

2.4. Model training setup and hyperparameters 

The experiments were conducted in a Google Colab 

environment with a Tesla T4 GPU (16 GB GPU memory) 

and approximately 14 GB of system RAM. The models 

were implemented in Python 3.12 using TensorFlow, PyTorch, 

Pandas, NumPy, scikit-learn, Matplotlib, and Seaborn, ensuring 

reproducibility and computational efficiency. 

All neural models were optimized using the Adam algorithm, 

with a 0.0001 learning rate, a choice made due to its robustness 

and consistent results across various deep learning scenarios. 

Model performance was assessed using the binary cross-entropy 

criterion, which is well-suited for tasks involving two-class 

classification. The model employed a batch size of 32 during 

training, selected as a compromise between computational 

efficiency and training stability. Training was conducted over 

up to 100 training cycles with an early termination mechanism, 

which terminated the process if no performance gain was observed 

for 15 consecutive epochs. To further stabilize learning, 

the scheduler decreased the learning rate tenfold when validation 

performance plateaued for 7 epochs, with a minimum threshold 

of 10⁻⁶. After training, evaluation was performed on the models 

based on a set of established performance measures. 

3. Performance metrics 

This study focuses on prediction of 30-day readmission 

of diabetic patients and use several metrics to measure models' 

performance. The evaluation utilized common classification 

metrics, including accuracy, precision, recall, F1-score, 

and the confusion matrix. Their definitions, along with their 

significance to the current research, are presented 

in the subsequent sections. 

3.1. Accuracy 

Accuracy, as defined in this work, represents the ratio 

of all model predictions that correctly classified cases of either 

30-day readmission or no readmission. But, accuracy by itself 

is not enough to measure the model performance since the dataset 

could be imbalanced. For instance, if most patients have 

a "no readmission" then a model that predicts all patients are 

"no readmission" will get relatively high accuracy, but will not 

allow to identify patients that are actually going to be readmitted. 

The formula of accuracy is presented in Equation (16) [7, 26]. 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑝+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (16) 

 True Positives (TP): Cases where the model accurately 

identified patients who were actually readmitted within 

30 days. 

 False Positives (FP): Instances in which the model wrongly 

classified a patient as being readmitted within 30 days, 

although no readmission actually occurred. 

 True Negatives (TN): Instances in which the model accurately 

determined that the patient was not readmitted. 

 False Negatives (FN): Situations in which the model failed 

to predict readmission, classifying a patient as not readmitted 

while they were in fact readmitted. 

3.2. Precision 

Precision, in this study, refers to the proportion of correctly 

predicted 30-day readmissions relative to all cases the model 

classified as readmissions. This metric is especially relevant 

in contexts where false positive outcomes carry significant 

consequences or risks. For example, if patients are incorrectly 

classified as likely to be readmitted within 30 days, they may 

receive unnecessary additional treatments. The expression 

for computing precision is provided in Equation (17) [15]. 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑝+𝐹𝑃
 (17) 

3.3. Recall 

Recall in this study indicates how well the model identifies 

patients who were actually readmitted within 30 days. This metric 

is particularly critical when the priority is to identify all potential 

readmission cases, even at the expense of occasionally 

mislabeling low-risk patients.  Equation (18) presents the formula 

for calculating recall [26]. 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑝+𝐹𝑁
 (18) 

3.4. F1-score 

The F1-score is obtained by combining precision and recall 

through their harmonic formulation, enabling a balanced 

assessment of both. In this work, where the main objective 

is to forecast 30-day hospital readmissions, this measure assists 
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in identifying models that appropriately trade-off between 

sensitivity to true readmissions and control over false positives. 

Equation (19) outlines its mathematical formulation [7]. 

 𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (19) 

3.5. Confusion matrix 

The confusion matrix is a structured table that organizes 

prediction outcomes into four categories )TP, FP, TN and FN(. 

It sheds light on how effectively the model can separate patients 

likely to be readmitted within 30 days from those who are 

not [23, 28]. 

In this study, evaluation metrics are selected according 

to the specific research objectives. As the primary aim is to predict 

hospital readmission of diabetic patients within 30 days, 

recall and precision serve as the core indicators. Recall 

is emphasized to ensure that high-risk individuals are not missed, 

while precision helps to reduce false positives and thereby lower 

healthcare costs. The F1-score, an aggregated metric, reflects 

the balance between correctly identifying relevant cases (recall) 

and achieving accuracy in positive classifications (precision). 

To offer a comprehensive evaluation of model performance, 

this study considers multiple criteria – namely classification 

accuracy, precision, recall, F1-score, and confusion matrix 

analysis. This multi-faceted assessment aids in identifying 

the most appropriate model aligned with the study’s objectives 

and strengthens the prediction of hospital readmissions among 

diabetic patients. 

4. Results and discussion 

Among all tested architectures, the LSTM model yielded 

the highest performance metrics, with 0.74 for accuracy, 0.73 

for precision, 0.74 for recall, and an F1-score of 0.73. Its capacity 

to model intricate relationships and represent non-linear 

dependencies – particularly in identifying positive cases 

and maintaining high recall – establishes it as the top-performing 

model. The results underscore how deep learning techniques 

can effectively handle complex data structures. 

The Vanilla LSTM model achieved performance metrics 

closely aligned with those of the standard LSTM, reporting values 

of 0.73 for accuracy, 0.72 for precision, 0.73 for recall, and 0.72 

for the F1-score. This demonstrates that strong performance 

can still be achieved using a simpler architecture. 

The GRU architecture delivered solid performance, achieving 

0.71 in accuracy, 0.70 in precision, 0.71 in recall, and an F1-score 

of 0.70. Nonetheless, its outcomes were marginally outperformed 

by the LSTM-based configurations. Given GRU's relatively 

simpler structure, this minor performance gap was anticipated. 

Nevertheless, it remains a competitive option among the evaluated 

models. 

The hybrid CNN-LSTM model achieved 69% accuracy, 

72% precision, 69% recall, and a 70% F1-score. These results 

indicate that combining CNN and LSTM did not significantly 

enhance overall accuracy or performance. While its accuracy 

is higher than some other models, the lower recall suggests 

a reduced ability to identify patients likely to be readmitted within 

the 30-day window. 

The CNN model achieved 70% accuracy, 72% precision, 

70% recall, and an F1 value of 71%, indicating performance 

on par with the hybrid CNN-LSTM architecture. However, given 

its simpler architecture, it provided relatively better efficiency. 

The autoencoder model achieved 67% accuracy, 

69% precision, 67% recall, and a 68% F1-score. This suggests 

that representation learning-based methods can also yield 

acceptable results. Although this model lagged behind other neural 

network-based methods, it still demonstrated superior 

performance relative to classical machine learning techniques. 

 Among traditional models, the decision tree achieved 

the most favourable results, with an accuracy of 67%, precision

of 69%, recall of 67%, and an F1-score of 68%. Its ability 

to capture nonlinear relationships contributed to its relatively 

high accuracy. 

Logistic regression, with 55% accuracy, 56% precision, 

55% recall, and a 56% F1-score, exhibited weak performance, 

indicating its limitations in identifying complex patterns within 

medical data. Its lack of flexibility in handling intricate 

relationships reduced its effectiveness in correctly predicting 

readmissions. 

The SVM model recorded the lowest performance among 

all tested methods, with respective values of 51% for accuracy, 

57% for precision, 51% for recall, and 52% for the F1-score. 

Its low recall resulted in failing to identify a significant number 

of actual readmission cases, limiting its reliability for this task. 

As shown in Figure 5, the confusion matrix illustrates 

how effectively the LSTM model detects patients likely to be 

readmitted within 30 days. The model correctly classified 18,443 

patients as not readmitted, demonstrating its strong capability 

in identifying those who do not return after hospitalization. 

Additionally, it accurately detected 5,903 readmitted patients, 

highlighting its effectiveness in recognizing at-risk individuals. 

The model demonstrates strong discriminatory power between 

the two categories, indicating its robustness in forecasting patient 

readmission. 

 

Fig. 5. LSTM-based confusion matrix for patient readmission prediction 

 

Fig. 6. Performance metrics visualization for various deep learning architectures 

 

Fig. 7. Visual comparison of key performance measures in machine learning models 
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Figure 6 illustrates how various deep learning models perform 

across the defined evaluation metrics, whereas Figure 7 showcases 

a comparable analysis for classical machine learning approaches. 

The key findings from these analyses are outlined in Table 6. 

The analysis indicates that deep neural networks and conven-

tional models each exhibit unique operational traits, benefits, 

and constraints. Among various evaluation criteria, the F1-score 

– which captures the interplay between precision and recall 

– serves as a dependable indicator of model quality, particularly 

in the presence of class imbalance. However, for this specific 

problem, recall is considered the most critical evaluation metric. 

This is because minimizing the false negative rate – ensuring high-

risk patients are correctly identified – is essential for both clinical 

and practical reasons. Missing even a small number of high-risk 

patients expected to be readmitted within the 30-day period 

could have severe and potentially life-threatening consequences. 

In contrast, while a higher false positive rate may result 

in unnecessary treatments, it does not carry the same immediate 

risk to the patient's life. 

Table 6 presents the performance metrics for all evaluated 

models. Achieving a recall of 0.74, the LSTM model showed 

the highest effectiveness in detecting individuals who may 

require readmission within 30 days. These findings indicate that 

the model performs well in detecting a substantial number 

of clinically at-risk individuals, a factor that significantly 

contributes to evidence-based medical decisions and the refine-

ment of therapeutic planning. Conversely, classical approaches 

such as logistic regression and SVM yielded weaker results 

– likely due to their limited capacity to model the complex 

structures present in healthcare data. 

Given the nature of the problem, the most suitable model 

selection approach should prioritize improving recall while 

maintaining acceptable levels for other metrics. Recurrent models 

like LSTM are able to learn more intricate patterns by capturing 

long-term relationships in the data, which enables them to more 

accurately identify high-risk patients. Overall, the results 

emphasize the steady superiority of deep learning techniques 

compared to conventional methods. 

Table 6. Comparative overview of model performance outcomes 

Prediction Method Accuracy Precision Recall F1-score 

LSTM 0.74 0.73 0.74 0.73 

Vanilla LSTM 0.73 0.72 0.73 0.72 

GRU 0.71 0.70 0.71 0.70 

Hybrid CNN-LSTM 0.69 0.72 0.69 0.70 

CNN 0.70 0.72 0.70 0.71 

Autoencoder 0.67 0.69 0.67 0.68 

Logistic Regression 0.55 0.56 0.55 0.56 

Decision Tree 0.67 0.69 0.67 0.68 

SVM  0.51 0.57 0.51 0.52 

 

To further illustrate the stability and consistency of each 

model across different random seeds, Table 7 presents the perfor-

mance metrics (accuracy and macro F1-score) for four runs 

for each of the four top models. This detailed analysis highlights 

the variability of model performance and provides a more robust 

assessment of each architecture’s effectiveness in predicting 

patient readmission. 

Table 7. Model performance stability across different seeds 

Model 
Test 1 

(Acc/F1) 

Test 2 

(Acc/F1) 

Test 3 

(Acc/F1) 

Test 4 

(Acc/F1) 

LSTM 0.7321/0.74 0.7292/0.73 0.7103/0.71 0.7250/0.73 

Vanilla LSTM 0.7280/0.70 0.7300/0.71 0.7319/0.71 0.7294/0.70 

GRU 0.7275/0.70 0.7392/0.71 0.7329/0.70 0.7342/0.71 

Hybrid CNN-LSTM 0.6750/0.68 0.6987/0.70 0.6930/0.70 0.7159/0.71 

 

From the results in Table 7, it can be observed that the LSTM-

based models generally maintain higher accuracy and F1-scores 

across different runs, whereas the Hybrid CNN-LSTM exhibits 

lower metrics and greater variability. These findings further 

support the earlier conclusion that recurrent architectures, 

particularly LSTM, are the most effective for this task. 

Table 8 provides a comparative summary of the top-

performing models developed in this study alongside 

methodologies adopted in related research. The results underscore 

the improved performance of the proposed deep learning 

approaches relative to traditional methods in predicting 

readmissions among diabetic patients. 

Table 8. Comparison of top results from this study and previous research 

Prediction Method Accuracy Precision Recall F1-score Source 

LSTM 0.74 0.73 0.74 0.73 Proposed 

Vanilla LSTM 0.73 0.72 0.73 0.72 Proposed 

GRU 0.71 0.70 0.71 0.70 Proposed 

Autoencoder 0.67 0.69 0.67 0.68 Proposed 

Neural Network 0.65 - - 0.28 [5] 

SVM 63.97 64.90 60.90 - [29] 

SVM 63.38 - - - [22] 

Gradient Boosting 65.00 0.18 0.57 - [13] 

MLP 61.91 - - - [1] 

Logistic Regression 61.97 - - - [1] 

5. Conclusion 

In recent years, deep learning techniques have had a profound 

impact on advancements in medical diagnostic systems. 

The capability of deep learning systems to interpret and derive 

insights from vast and intricate datasets has brought significant 

innovation to the medical domain, supporting more precise, 

streamlined, and individualized healthcare solutions [18, 19]. 

This research demonstrates how deep learning can transform 

clinical prediction tasks and offers a scalable framework 

for addressing similar challenges in the broader healthcare 

context. This represents a perennial challenge in healthcare 

and demonstrates the power of deep learning to forecast hospital 

readmissions within 30 days among diabetic patients. The authors 

leveraged the "Diabetes 130-US Hospitals" dataset available 

through the UCI Machine Learning Repository to analyze 

the effects of various patient features, demographics, medical 

history, and treatment details, on readmission rates, to uncover 

patterns driving readmissions. These results offer practical 

implications for reducing readmissions and improving health 

outcomes. By contrasting advanced neural network architectures 

– such as LSTM, GRU, CNN, and autoencoders – with classical 

machine learning techniques like Logistic Regression, Decision 

Trees, and SVM, the analysis demonstrates the relative advantages 

offered by deep learning methodologies. The LSTM model 

generated the highest accuracy (0.74), precision (0.73), F1-score 

(0.73), and recall (0.74), indicating a considerable improvement 

compared to traditional techniques. The GRU and Vanilla LSTM 

models achieved comparable performance, further underscoring 

the importance of recurrent neural networks in modelling intricate 

healthcare data. 

6. Future research 

Future studies could focus on enhancing hybrid architectures 

by incorporating advanced techniques such as transformers 

and exploring larger, more diverse datasets to improve both 

accuracy and generalizability. Additionally, enhancing model 

efficiency to minimize computational costs while integrating 

the strengths of both traditional and deep learning approaches 

could provide significant added value. Furthermore, future work
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could explore strategies to facilitate the practical adoption of these 

models in real-world clinical settings, such as their integration into 

clinical information systems, without compromising performance 

or efficiency. 
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