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Abstract 

The application of deep learning to tabular data faces challenges in the 

banking domain, which is dominated by numerical and categorical features 

without a temporal structure. This study aims to evaluate and compare the 

performance of several deep learning architectures for classifying time 

deposit customers. The models used include Multilayer Perceptron, 

Convolutional Neural Network, and Long Short-Term Memory-based 

Recurrent Neural Network. The dataset consists of banking customer data 

with a binary classification target: subscribing or not subscribing to 

deposits. The research stages included data preprocessing, model 

development, training, and performance evaluation using accuracy, 

precision, recall, and area under the ROC curve metrics. Analysis 

performed on the training curve to assess optimization stability and 

generalization ability. The experimental results showed that all models 

achieved an accuracy above 89 percent. The Convolutional Neural Network 

model provides most balanced performance with the highest accuracy and 

precision as well as stable training dynamics. Multilayer Perceptron shows 

good class separation capabilities but tends to overfit, while Recurrent 

Neural Network does not provide significant performance improvements 

and shows instability during training. These findings confirm the suitability 

of deep learning architecture to the characteristics of tabular data is an 

important factor in model selection for banking applications. 
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1. INTRODUCTION 

The rapid development of deep learning has brought significant changes to various machine 

learning tasks, particularly in processing unstructured data such as images and text. The primary 

advantage of this approach lies in its ability to automatically learn complex feature representations 

without heavy reliance on manual feature engineering (Goodfellow et al., 2016). This success has 

encouraged the adoption of deep learning in other domains, including business and finance, which are 

predominantly characterized by structured tabular data. 

Tabular data remains the most commonly used data format in real-world applications, especially 

in the banking, insurance, and data-driven marketing sectors. Such data typically consists of a mixture 

of numerical and categorical features, imbalanced class distributions, and feature relationships that are 

not necessarily linear. Recent studies have shown that these characteristics often prevent conventional 

deep learning models from consistently outperforming classical machine learning methods, such as tree-

based models [1] . 

Several comprehensive studies report that tree-based ensemble algorithms, including Random 

Forest and XGBoost, frequently outperform neural networks on tabular data, particularly when the 

dataset size is limited and the feature structure is heterogeneous [2]. These findings challenge the 
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assumption that deep learning is a universal solution for all types of data and emphasize that model 

selection must carefully consider the intrinsic characteristics of the dataset. 

The limitations of deep learning on tabular data are also associated with the absence of explicit 

spatial or sequential structure among features, making it difficult for neural networks to effectively 

capture local interactions between attributes. Other common issues include a tendency toward 

overfitting, complex hyperparameter tuning requirements, and sensitivity to data preprocessing 

techniques [3]. These conditions indicate that the success of deep learning on tabular data is highly 

dependent on architectural design choices and training strategies. 

Several approaches have been proposed to address these limitations, including the use of 

Convolutional Neural Networks by transforming tabular data into specific representations that allow the 

exploitation of local feature relationships. Other approaches apply Recurrent Neural Network 

architectures by treating features as pseudo-sequences; however, the effectiveness of this strategy 

remains debatable, as tabular data inherently lacks a natural temporal structure [4]. 

This study focuses on comparing the performance of several commonly used deep learning 

models namely Multilayer Perceptron, Convolutional Neural Network, and Long Short-Term Memory 

on the task of bank deposit customer classification. The study not only evaluates model performance 

using quantitative metrics but also analyzes training stability and generalization capability across 

architectures. This approach is expected to provide deeper insights into the suitability of specific deep 

learning models for tabular data in the banking domain. Based on a review of prior research, a research 

gap remains in the empirical comparative analysis of deep learning architectures applied to banking 

tabular data, particularly with respect to training dynamics and indications of overfitting. Therefore, the 

objective of this study is to evaluate and compare the performance of MLP, CNN, and LSTM models in 

deposit classification tasks and to identify the architectural characteristics most appropriate for tabular 

data without explicit temporal structure. 

2. METHOD  

2.1 Research Stages 

This study adopts a quantitative experimental approach aimed at evaluating the performance of 

several deep learning architectures for tabular data classification tasks. The research stages are 

systematically designed to ensure that each model is tested under equivalent data conditions and 

evaluation scenarios, thereby enabling fair and objective performance comparisons. The research begins 

with data collection and an initial understanding of the banking customer dataset used as the object of 

study. The dataset then undergoes a preprocessing stage to ensure data  

quality and input format compatibility with deep learning models. The subsequent stage 

involves model architecture design, training procedures, and performance evaluation using relevant 

metrics. The final stage focuses on the comparative analysis of experimental results and the 

interpretation of model behavior based on the characteristics of tabular data. The design of these research 

stages follows common practices in applied machine learning model evaluation, where experimental 

consistency is a critical factor in maintaining the validity and reliability of research findings [5]. 

2.2 Dataset and Data Characteristics 

The dataset used in this study consists of banking customer data intended to predict customers’ 

propensity to subscribe to term deposit products. The target variable is binary, representing customers 

who subscribe to deposits and those who do not. The available attributes include demographic 

information, occupational details, and financial characteristics represented through a combination of 

numerical and categorical features. 

The characteristics of this dataset reflect common properties of tabular data in the banking 

domain, namely heterogeneous feature types and an imbalanced class distribution. These conditions 

make the dataset a relevant case study for evaluating the effectiveness of various deep learning 

architectures on structured, non-temporal data [1]. The dataset is divided into training and testing subsets 
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using an 80:20 ratio. This split is applied to assess the model’s generalization capability on unseen data 

that is not involved during the training process. 

2.3 Data Preprocessing 

The data preprocessing stage is conducted to ensure that all features can be effectively processed 

by deep learning models. Categorical features are transformed into numerical representations using 

encoding techniques to ensure compatibility with mathematical operations within neural networks. One-

hot encoding is employed to avoid imposing artificial ordinal assumptions on categorical variables, 

while label encoding is selectively applied to features with a large number of categories. 

All numerical features are subsequently normalized using standardization techniques to align 

feature scales across attributes. Standardization aims to accelerate training convergence and reduce the 

dominance of features with large value ranges on the loss function [6],[7],[8]. The preprocessing 

procedures are consistently applied to both training and testing data to prevent information leakage. 

2.4 Deep Learning Model Architectures 

This study evaluates three deep learning architectures with distinct characteristics in learning 

data representations: Multilayer Perceptron (MLP), Convolutional Neural Network (CNN), and 

Recurrent Neural Network based on Long Short-Term Memory (LSTM). The Multilayer Perceptron 

model is employed as a baseline approach, as it represents a standard feedforward neural network 

commonly applied to tabular data. MLP consists of multiple hidden layers with nonlinear activation 

functions designed to capture complex relationships among features. This architecture is frequently used 

as a baseline in evaluating deep learning models on structured data [2]. 

The Convolutional Neural Network model is implemented using one-dimensional convolution 

operations to capture local patterns among features. This approach is based on the assumption that local 

interactions between subsets of features may provide additional discriminative information for 

classification. Several studies have shown that CNNs can improve performance on certain tabular 

datasets when input representations are appropriately designed [9]. The Recurrent Neural Network 

model based on LSTM is used to evaluate the capability of sequential networks in modeling 

dependencies among features treated as pseudo-sequences. Although tabular data lacks inherent 

temporal properties, this approach is examined to analyze the impact of sequential assumptions on 

training stability and classification performance [4]. 

 

2.5 Training and Evaluation Process 

All models are trained using the binary cross-entropy loss function and the Adam optimization 

algorithm due to its stability across various neural network training scenarios. The training process is 

conducted using the same number of epochs for each model to ensure direct comparability of 

experimental results. Model performance is evaluated using multiple metrics, including accuracy, 

precision, recall, and the area under the Receiver Operating Characteristic (ROC) curve. The use of 

multiple evaluation metrics aims to provide a more comprehensive assessment of model performance, 

particularly under imbalanced class distribution conditions. This multi-metric evaluation approach 

aligns with current recommendations in applied classification system evaluation research [8]. 

   

3. RESULTS AND DISCUSSION  

3.1 Model Evaluation Results 

Model performance was evaluated using accuracy, precision, recall, and the area under the ROC 

curve to provide a comprehensive assessment of each model’s classification capability. The use of 

multiple evaluation metrics is necessary because accuracy alone is not sufficiently representative in 

binary classification tasks with potential class imbalance [13],[14],[15]. 

Table 1. Evaluation Results 

Model Accuracy Precision Recall ROC-AUC 

MLP 89.09% 0.54 0.29 0.63 
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CNN 89.86% 0.64 0.24 0.61 

RNN 89.11% 0.55 0.25 0.61 

The experimental results indicate that all three deep learning models achieved relatively high 

accuracy levels, exceeding 89%. The Convolutional Neural Network (CNN) obtained the highest 

accuracy at 89.86%, followed by the Recurrent Neural Network (RNN) at 89.11% and the Multilayer 

Perceptron (MLP) at 89.09%. The relatively small differences in accuracy among the models suggest 

that result interpretation should consider additional metrics that are more sensitive to prediction 

distribution. The highest precision value was achieved by the CNN model at 0.64, while the MLP and 

RNN models reached precision values of 0.54 and 0.55, respectively. Higher precision indicates that 

CNN is more consistent in correctly identifying customers who truly subscribe to deposit products 

compared to the other models. This finding is particularly relevant in banking applications, as false 

positive predictions may directly affect the efficiency and cost-effectiveness of marketing strategies. 

Recall values across all models were in the low to moderate range, with MLP achieving 0.29, 

CNN 0.24, and RNN 0.25. The relatively low recall values indicate that the models still struggle to 

capture all customers who genuinely have the potential to subscribe to deposit products. This 

phenomenon commonly occurs in datasets with imbalanced class distributions, where models tend to 

prioritize the majority class. The highest ROC AUC value was obtained by the MLP model at 0.63, 

while the CNN and RNN models both achieved a value of 0.61. The higher ROC AUC score of MLP 

suggests superior global class separation capability, even though it does not consistently produce highly 

precise positive  predictions. These results emphasize that model performance cannot be adequately 

evaluated using a single metric alone. 

3.2 Comparative Analysis of Model Architectures 

The superior performance of CNN in terms of accuracy and precision suggests that one-

dimensional convolution operations are more effective in capturing local interactions among tabular 

features compared to purely fully connected architectures. This finding aligns with previous studies 

reporting that CNNs can model correlations between neighboring features when input representations 

are consistently designed  [10],[11],[12]. 

The Multilayer Perceptron model demonstrates competitive performance, particularly with 

respect to the ROC AUC metric. This indicates that MLP is capable of learning an overall decision 

boundary reasonably well but is less effective in producing stable positive predictions. This limitation 

may be attributed to the tendency of MLP to overfit the training data, especially when the number of 

model parameters is relatively large compared to the dataset size [2]. 

The Recurrent Neural Network based on LSTM does not exhibit significant performance 

improvements over MLP and CNN. This result supports the view that applying RNN architectures to 

tabular data without inherent temporal structure offers limited benefits. Treating features as pseudo-

sequences may introduce inappropriate sequential assumptions that increase optimization complexity 

without contributing meaningful information. 

3.3 Training Dynamics and Generalization Analysis 

Analysis of the training curves reveals clear indications of overfitting in the MLP model. 

Training accuracy increases consistently, while validation accuracy tends to stagnate and decline during 

later epochs. This pattern is further supported by increasing validation loss despite a continuous decrease 

in training loss, indicating that the model excessively adapts to the training data at the expense of 

generalization capability.  

The CNN model exhibits the most stable training dynamics among the three architectures. The 

accuracy and loss curves for training and validation data follow similar trends with relatively small gaps. 

This stability suggests that CNN is able to extract relevant patterns without excessively memorizing the 

training data. Such characteristics strengthen the argument that CNN is more suitable for certain tabular 

datasets compared to the other architectures evaluated [1]. 

The RNN model demonstrates less stable training behavior, characterized by significant 

fluctuations in training loss across several epochs. These loss spikes indicate optimization instability, 

which is often associated with issues such as exploding gradients or suboptimal learning rate 
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configurations in sequential networks. This condition further reinforces the finding that RNN 

architectures require additional handling to be effectively applied to non-sequential data. 

 
Figure 1. Visualization of Training Results 

 

3.4 Implications of the Research Findings 

The results of this study indicate that the selection of deep learning architectures for tabular data 

must consider the alignment between model structure and data characteristics. The CNN demonstrates 

the best balance between predictive performance and training stability in the bank deposit customer 

classification task. The MLP remains relevant as a baseline model with strong class separation 

capability, while the application of RNNs to tabular data without an explicit temporal dimension should 

be critically evaluated. These findings provide practical implications for the development of decision 

support systems in the banking sector, particularly in selecting deep learning–based predictive models 

that are both efficient and stable. The comparative approach employed in this study can also serve as a 

foundation for future research exploring more specialized deep learning architectures tailored for tabular 

data. 

4. CONCLUSION   

This study evaluated the performance of three deep learning architectures Multilayer Perceptron 

(MLP), Convolutional Neural Network (CNN), and Recurrent Neural Network based on Long Short-

Term Memory (LSTM) for bank deposit customer classification using tabular banking data. The 

experimental results indicate that all models achieved relatively high accuracy levels; however, notable 

differences were observed in performance characteristics and training stability across the three 

architectures.The Convolutional Neural Network demonstrated the most balanced performance, 

achieving the highest accuracy and precision while exhibiting stable training dynamics. These findings 

suggest that one-dimensional convolution operations are effective in capturing local interactions among 
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tabular features without inducing dominant overfitting. The Multilayer Perceptron showed reasonably 

strong class separation capability based on ROC AUC values but exhibited a more pronounced tendency 

toward overfitting, leading to reduced generalization performance in the later stages of training. The 

Recurrent Neural Network did not yield meaningful performance improvements and showed training 

instability, reinforcing the argument that sequential architectures are less suitable for tabular data 

without inherent temporal structure. The limitations of this study include the use of a single type of 

tabular dataset and the absence of direct comparisons with classical machine learning methods. These 

constraints limit the gralizability of the findings to other tabular domains with different characteristics. 

Future research is encouraged to incorporate datasets with more diverse scales and class distributions, 

as well as to compare deep learning approaches with tree-based methods or architectures specifically 

designed for tabular data. Further exploration of regularization techniques and architectural adaptations 

also holds potential for improving model stability and performance in structured, data-driven banking 

applications. 
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