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Abstract: Diabetic Kidney Disease (DKD) was recently identified as a significant microvascular consequence of
diabetes. Many researchers are working on the classification of DKD from non-diabetic kidney disease (NDKD), but
the required accuracy has not been achieved yet. This study aims to enhance diagnostic accuracy using a hybrid Deep
Learning (DL) method, Convolutional Neural Network, and Long Short-Term Memory (CNN-LSTM). Clinical data on
DKD were collected and preprocessed to address issues like missing values, duplicates, and outliers. Key preprocessing
steps included imputation, z-score, min-max normalization, and feature encoding. Feature selection based on a
correlation matrix identified the most relevant variables. Subsequently, both CNN-LSTM and Convolutional Neural
Network (CNN) models were trained using processed data, with identical hyperparameters, as detailed in the
methodology. Evaluation metrics such as Accuracy, Sensitivity, Specificity, Precision, F1-score, and ROC plots were
employed to assess model performance. The CNN-LSTM model achieved a high Accuracy of 98%, surpassing the
CNN model’s Accuracy of 96.5%. In addition to accuracy, all metrics showed that the CNN-LSTM outperformed the
CNN.

Index Terms: Diabetic Kidney Disease (DKD), Deep Learning (DL), Convolutional Neural Network (CNN)

1. Introduction

Among the many long-term consequences of diabetes, chronic kidney disease (CKD) is the most expensive and
causes significant disruption to daily life [1]. Negative health consequences that may arise from CKD include frailty,
decreased quality of life, renal illness, increasing end-organ damage, and early mortality [2]. Indeed, the higher mortality
related to type 1 and type 2 diabetes is primarily limited to people with CKD. Consequently, a vital goal of diabetes care
is the prevention and management of CKD. About half of people with type Il diabetes and one-third of those with type |
diabetes will have CKD [3]. This condition is clinically described by either impaired kidney function or elevated levels of
albumin in the urine, or both. The exact proportion of individuals who might be diagnosed with CKD due to their
diabetes is unknown. Severe kidney damage, dyslipidemia, glomerular atherosclerosis, weight gain, intrarenal vascular
disease, renal ischemia, high blood pressure, and age-related nephron loss are factors that might contribute to renal
dysfunction [4]. Therefore, it is hard to identify 'diabetic kidney disease’ (DKD) or 'diabetic nephropathy' in
epidemiological or clinical settings, especially among patients with type 2 diabetes [5]. It is better to seek out individuals
who have both diabetes and CKD and to employ measures for comprehensive renoprotection. Despite its high prevalence,
mortality rates, and treatment expenses, DKD is mostly unrecognized and untreated, despite being a significant
microvascular complication of diabetes mellitus.

Microalbuminuria, an increase in urine albumin excretion, is the first symptom of DKD [6]. It is followed by large
albuminuria and a quick decrease in renal function [7]. The accepted opinion holds that proteinuria is the first sign of
deteriorating renal function. However, this hypothesis has been called into question because many patients have shown
improvements in their albumin excretion rates, either on their own or after receiving comprehensive risk management.
Since DKD is typically mild when it first appears, the value of microalbuminuria as a conventional sign of the disease
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and the best time to take action are both questioned. Although renal biopsy may differentiate DKD from normal kidney
disease, there is currently no gold standard for predicting DKD development [8]. Not everyone follows the
recommendation to increase screening frequency, which can lead to delayed diagnoses. To improve survival rates and
quality of life for diabetes patients and decrease the occurrence of cardiovascular events, it is crucial to prevent, diagnose,
and treat DKD as soon as possible [9, 10]. There is an immediate need for a clinical instrument that is both simple and
easy to use for evaluating DKD in everyday practice.

To monitor and diagnose DKD, it is crucial to develop an automated system that relies on simple predictors, such as
clinical data. Many diseases are predicted using DL algorithms because of their superior performance on large datasets
with high-dimensional features. Research on DKD prediction models has mostly relied on a single classifier and
employed relatively limited sample sets. When there are too many variables and samples, models face the risk of
underfitting or overfitting, which diminishes their effectiveness. To improve the predictive reliability and accuracy of
these models, we used hybrid DL models to classify DKD from normal samples.

2. Literature Survey

The recent work on kidney disease prediction using ML and DL models is discussed in this section. The study [11]
aims to determine the optimal classification approach for DKD prediction by comparing the results of various methods
applied to a DKD dataset using the WEKA ML tool. Nine different classification algorithms were tested on a DKD
dataset with 18 attributes and 410 instances. Data preparation included tenfold cross-validation. Performance was
assessed using metrics such as execution time, accuracy, and error rate. The outcome shows that the best performing
algorithms were random tree classification, instance-based learning with k-nearest neighbors (IBK), among others.
Research [12] focuses on the development of a predictive model for CKD. It highlights the common use of ML
algorithms in medicine for disease prediction and classification. Bias in medical records was addressed by analyzing a
dataset on CKD with 25 features from the University of California (UCI) ML repository, using several ML models. The
bagging ensemble approach was employed to enhance model performance. The decision tree classifier yielded the best
results when applied to the chronic renal illness dataset's clusters.

The study [13] introduces a novel DL model for early CKD diagnosis and prediction. The research aims to develop
a DL network and compare it with other advanced ML techniques. Missing database variables were imputed with the
average of relevant attributes. After parameter tuning and multiple trials, the neural network's optimal parameters were
determined. Recursive Feature Elimination (RFE) was used to identify significant traits, which were then fed into ML
models for prediction. The proposed Deep Neural Network (DNN) performs better than the other models in terms of
accuracy. A study [14] investigates whether ML can predict which CKD patients will progress to severe kidney disease.
Data were collected from a CKD cohort monitored over time. Predictor factors included blood test results and baseline
features. Multiple imputation was used to handle missing data. Five ML algorithms were trained and evaluated using a
five-fold cross-validation approach. Performance was compared to the Kidney Failure Risk Equation (KFRE). The ML
models (nawe Bayes, logistic regression, and random forest) demonstrated comparable predictability and higher
sensitivity than KFRE. The study showed that ML can effectively assess CKD prognosis using easily available features.

The paper [15] aims to assist medical practitioners in diagnosing CKD patients using ML technologies. The CKD
dataset from the UCI repository was analyzed with various ML algorithms, including K-nearest neighbor (KNN), support
vector machine (SVM), and DNN. Different methodologies were employed to impute missing values, considering the
correlations of features. Hyperparameters of each method were fine-tuned, and the performance was evaluated using
various criteria. The findings indicated that DNN outperformed the existing methods in accuracy. In the study [16],
researchers explored the use of various ML methods for DKD prediction. Combining these classification approaches with
cloud computing services significantly improved treatment decisions for DKD patients. Classifiers were trained to detect
CKD cases using clinical features from the UCI Repository. While single clinical features yielded the best performance
with SVM, RF, and KNN classifiers, the highest accuracy was achieved by combining clinical features using DL and RF.

3. Materials and Methods

The method used to predict DKD from the clinical data is discussed in this section. The process starts with data
collection, followed by data processing, feature selection, model construction, training, validation, and testing. Finally,
the best model is identified using performance metrics.

3.1 Data Acquisition

The dataset used in this study was obtained from a publicly available repository on Kaggle. The dataset consists of
1000 samples, with 503 DKD instances and 497 normal instances, resulting in a near-balanced class distribution that
enables fair evaluation of classification performance without bias toward a dominant class. The features included in the
dataset are patient_id, age, gender, medical_history, blood_pressure, blood_sugar, cholesterol, creatinine, and GFR. The
dataset consists of anonymized clinical records related to kidney disease and does not contain any personally
identifiable information. As the dataset is publicly accessible and anonymized, the use of this dataset does not require
ethical approval or informed consent. These features provide a comprehensive set of clinical parameters that are
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relevant for predicting DKD. In this dataset, gender and medical_history are categorical variables and the other features
are numerical, representing continuous values that quantify various aspects of the patient's health. Accordingly, the
experimental setup and results presented in this study are fully reproducible.

3.2 Data Processing

Before the ML classifier, data must undergo data preparation, which involves cleaning and transforming the raw
data to ensure it is suitable for analysis [17]. Common data preprocessing techniques include handling missing data,
outliers, duplicates, data normalization, and encoding methods used in this research.

Missing Data: Missing data can lead to unreliable statistical findings, distortions, and poor decisions, significantly
affecting the integrity and applicability of datasets [18]. Classification errors can arise when data contains missing
values. Imputation was employed to fill the missing values [19]. When data is missing from a dataset, imputation can
fill in the gaps while preserving the majority of the data. These strategies are necessary because regularly removing data
from the dataset is impractical and can significantly reduce its size, raising concerns about bias and leading to
inaccurate analysis. Another factor compromising classifier accuracy is data duplication. ldentical instances were
identified and removed.

Outlier: An outlier is a data point that deviates considerably from the rest of the observations in a dataset [20].
Outliers, which can occur for a variety of reasons, can have a disproportionate impact on statistical analyses and
ML models if they are not managed properly. In statistics [21], the z-score is a crucial measure to identify how far a
data point is from the mean and the magnitude of this difference. Equation (1) provides the formula for calculating the
z-score.

7=t 1)

Normalization: Data normalization is the process of adjusting feature values so that they are on a similar
statistical scale, ensuring they have equal relevance [22]. DL models perform better when data is normalized, therefore
all features are normalized before classification in this research. The Min-Max normalization [23] technique is
employed.

Encoding: Gender, medical history, and the target column data in the collected dataset are categorical. This study
uses one-hot encoding [24], which represents categorical data using a vector where only one element is set to one while
all other elements are zero.

To prevent any form of data leakage, all preprocessing steps, including normalization, encoding, and feature
selection, were performed using parameters derived exclusively from the training dataset. The same preprocessing
transformations were subsequently applied to the validation and test sets without recalculating any statistics. The test
data were strictly isolated and were not used at any stage of model training, feature selection, or hyperparameter tuning.

3.3 Features Selection
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Fig. 1. Correlation Matrix of DKD Dataset Features

In ML analysis, feature selection plays a crucial role. It involves selecting relevant features from a larger pool of
available ones. The primary objective of feature selection is to find and retain the most informative features while
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disregarding unnecessary ones [25]. By eliminating redundant information and focusing on essential data, models can
be enhanced. Feature selection strategies also lead to reduced data dimensionality and improved model performance.
The correlation matrix serves as a tool for feature selection [26]. The correlation matrix measures the linear relationship
between pairs of features in a dataset, indicating both the strength and direction of their relationship. A correlation value
of 1, 0, and -1 represents the strong positive, no, and strong negative correlation. Fig. 1 illustrates the correlation matrix
of the dataset.

Based on the correlation values, the important features are selected while the remaining features are dropped. This
step ensures that the models are trained using only the most relevant features, which helps in improving their
performance and reducing complexity. The statistical analysis of the selected features is conducted using various
visualization plots. Figs. 2-4 illustrate the results of this analysis through different types of plots: histograms, box plots,
and scatter plots.

Fig. 2. Statistical Analysis of Selected Features Using Histogram
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Fig. 3. Statistical Analysis of Selected Features Using Box Plot
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Fig. 4. Statistical Analysis of Selected Features Using Scatter Plot
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During the feature selection process, non-informative and identifier attributes were excluded to prevent data
leakage. In particular, the patient_id attribute was used solely for record identification and was removed prior to model
training and evaluation. Correlation-based feature selection was applied exclusively to clinically relevant numerical
features, and the target variable was not included in the correlation computation. This ensured that the selected feature
set did not introduce any form of information leakage into the learning process.

3.4CNN

CNNs are primarily concerned with learning the spatial hierarchies of features, which range from basic to
advanced patterns [27]. Training a CNN involves identifying significant patterns in incoming data. In this process,
learnable filters are applied to a set of convolutional feature extractors in the early layers. Each CNN layer generates its
own feature map using convolutional kernels. To create a feature map, all the input spatial locations share the same
kernel. Once the Convolutional Layer (CL) and Pooling Layers (PL) are completely constructed, the Fully Connected
Layers (FCL) are employed to finish the classification. In CNNs, Equation (2) illustrates the process of convolution on
input feature maps and CLs:

n) _ (n-1) (n) (m)
h™ = 3K hT D @w + b @

The outcome of the j¢" feature map in the n* hidden layer (HL) is given by h].("), ® indicating 2D convolution. In

contrast, h,(c"_l) indicates the k" channel in the (n — 1)* HL, w,g.l) indicates the weight of the nt"layer, and

b,(c’}) indicates the corresponding bias. To minimize the feature dimensions, an extra layer is inserted into the CLs,
resulting in a huge number of feature maps. A PL is a method for reducing the computational costs and overfitting
concerns involved with network training.

To complete CNN training, an iterative technique is used to alternate between feed-forward and backpropagation
[28]. lterative backpropagation includes changing the convolutional filters and FCL. The aim is to minimize the total
average loss E between actual and model outputs. The Equation (3) shows the loss function.

) _
E==3m, %6,y log(y") @3)

The true label is represented by yl.("), while the model outcome of the it" input in the k" class is denoted by yi(k).
Additionally, c is the total neurons in the final layer, while m represents the training inputs.

Convolution Layer: Convolution operations give rise to the moniker CNN. The Convolutional Layer (CL) is a
crucial component of the CNN architecture because it is responsible for feature extraction [29]. Typically, the layer
includes an activation function and a convolution operation, both of which are nonlinear. To strengthen the spatial
relationship between pixels, convolution processes use learnable characteristics and a filter known as a kernel [30].
During CNN training, automatic adjustments to the kernel values are made to enhance the model's ability to learn new
input features. The feature map size is calculated by the dimension of stride, filters, and padding.

Pooling Layer: In most circumstances, the Pooling Layer's (PL) is used to minimize the feature map dimensions,
making them more insensitive to small distortions and motions [31]. This also reduces the number of learnable
parameters in the subsequent layers. Interestingly, none of the PLs have any learnable parameters. For this reason, the
PL's capacity to undersample features is critical for lowering network complexity and preventing overfitting. To
represent the output of an entire region, Max Pooling is employed and it takes the maximum value of all neurons in that
region which is represented in Equation (4):

Y, = maXx;ep x; (4)

The PL usually comes after the CL. Its primary goals are minimizing parameters to prevent overfitting, improving
training speed, and reducing the feature matrix dimension.

Fully Connected Layers: All neurons in one layer are considered "fully connected" (FC) if they are linked to all
the neurons in the next layer [32]. Flattening, or presenting the output feature map as a 1-dimensional set of numbers
coupled to one or more FCLs, sometimes known as dense layers, is common practice for the final CL or PL. Each input
in these layers is paired with an output based on a learnable weight. FCLs can be used for feature mapping once the
features have been downsampled in the PL and extracted in the CLs. The network's final outputs, which are the
probabilities for each class, can then be determined in this manner. In most cases, a SoftMax classifier follows the FCL.
In this example, n neurons are utilized to represent the number of classes.

Recent research combining CNNs and recurrent neural networks (RNNs) has yielded remarkable results in a
variety of disciplines [33]. To improve model learning efficiency, CNNs reduce the number of parameters by sharing
their weights. Furthermore, the LSTM model addresses the RNN's long-standing concerns with gradient explosion and
vanishing gradients.
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Fig. 5 demonstrates the comprehensive structure of the CNN-LSTM network, which combines the advantages of
both 1D-CNN and LSTM algorithms. This novel technique integrates two distinct learners: the first concentrates on
local abstraction, capturing the spatial aspects of the input, while the second focuses on sequence modeling to
comprehend temporal dynamics. The CNN serves as a feature extractor, recognizing and encoding the most important
properties of the input data. After the CNN has learned the spatial features, the LSTM takes over to extract essential
location-based information, leveraging its capacity to detect long-range dependencies in the data. This hybrid design
enables the CNN-LSTM model to accurately capture the basic features of the data while enhancing its ability to derive
significant insights, making it especially suitable for improving accuracy. By combining these models, the system
improves its ability to distinguish between different types of data, resulting in greater adaptability to diverse and
complex patterns. The model's strength lies in its capacity to extract hidden features from the data, enhancing decision-
making capabilities and boosting overall performance across datasets. Algorithm 1 defines the pseudo-code for the
CNN-LSTM model, whereas the preceding sub-section discusses the functionality of the CNN. This hybrid learning
framework offers an advanced method for concurrently processing and evaluating the data, pushing the capabilities of
traditional CNN and LSTM architectures.

Both CNN and CNN-LSTM models were trained using identical hyperparameters, which are summarized in Table
1.

Table 1. Hyperparameters Used for CNN and CNN-LSTM Models

Hyperparameter CNN CNN-LSTM
Input shape 9,1) 9,1)
Number of convolution layers 2 2
Number of filters 32,64 32,64
Kernel size 3 3
Activation function RelLU RelL U
Pooling type Max pooling Max pooling
Pool size 2 2
LSTM units — 50
Fully connected layers 1 1
Optimizer Adam Adam
Learning rate 0.001 0.001
Loss function Binary cross-entropy Binary cross-entropy
Batch size 32 32
Number of epochs 50 50
ConviD ConvlD ConvlD LSTM

Flatten Dense

Input— _ﬁ DKD

Normal

Fig. 5. Architecture of the Proposed CNN-LSTM Model

Although the clinical dataset used in this study is tabular in nature, the CNN-LSTM architecture is employed to
effectively capture complex feature interactions and dependencies. The selected clinical features are reshaped into a
one-dimensional input tensor to enable convolutional operations. The CNN component acts as an automatic feature
extractor, learning local patterns and interactions among clinical variables, while the LSTM component models inter-
feature dependencies by retaining contextual relationships across the feature sequence. This hybrid design allows the
model to leverage both spatial feature abstraction and dependency learning, making it suitable for structured clinical
data despite the absence of explicit temporal information.

LSTM: A recurrent neural network model known as LSTM tackles the age-old problems of RNN models, such as
gradient explosion and vanishing gradients [34, 35]. Equation (7) expresses the LSTM model's hidden activation for
each data input x,. The next step is to input and use all of the data for forecast purposes. The LSTM unit, which accepts
the current state's input x, and the acquired information h,_, as inputs, is in charge of defining the transformation
relation h, of the hidden representation in the LSTM model. Thus, the LSTM network processes data inputs and passes
on inherited information to the next level [36].
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Algorithm 1: CNN-LSTM

Initialize model parameters
CNN: (wi”, b3, LSTM: (W, Wy, W, Wy, be, by, by, by), FCL: (Wi brey)
For CL:
For feature map j in the current layer: h}") =0
For feature map k in the previous layer: h}") =Yk " Yo W,E;-l) + b,({’})
Apply activation function hf") = RelU (h}"))
For the PL:
For the region in the feature map: ¥; = 77 x;
Flatten the output of the last CNN layer
For each time step t:
Calculate candidate memory C, = tanh(W,. [h._4, x.] + b.)
Calculate forget gate f, = o(Wy.[hy_y,x.] + by)
Calculate input gate i, = a(W;. [hy_1,x:] + b;)
Calculate output gate o, = o(W,,. [h,_1,x:] + b,)
Update cell state C, = f; * C,_, + I, * C,
Update hidden state h, = o, * tanh(C.)
FCL for final output: = ReLU (Wyc,* B¢ + bycy)
For each class k:  Probability y*= SoftMax(y*)

Loss calculation using cross-entropy: E = % i) yi(k)log(yi(k))

Update weights and biases to minimize loss E

Equation (6) is used to compute the memory cell C,, which is present in each LSTM cell. Using Equation (5), each
LSTM generates a new potential C, to replace C,. This C, serves as a memory to help the hidden unit recall past
information. The LSTM's memory unit is the most critical component for preventing gradient explosion and vanishing
gradients.

C, = tanh(W, - [he_y, %] + b;) ®)
Ce=fixCq +i* G, (6)
h; = o, * tanh(C,) 7

The LSTM subsequently creates three gates: forget (f;), update (i), and output (o,).

ip =oW; - [he_y,x] + by) (8)
o, = oW, - [he—q,x.] + by) 9)
o, = oW, - [he—q,x.] + by) (10)

Where, W,, W;, Wy, and W, represents the weight parameters, and b, b;, b, and b, represents the bias parameters.
C; is produced by combining h,_, (previous hidden state), h, (current hidden state), and C,_;.

4. Results and Discussion

The DKD and normal data were collected and processed, including the elimination of outliers, handling of missing
data, removal of duplicates, data normalization, and encoding. From the processed data, important features were
selected using a correlation matrix. The data were then split into training, validation, and test sets with proportions of
70%, 10%, and 20%, respectively. The data splitting process was performed using a stratified sampling strategy to
ensure that the class distribution of DKD and normal instances was preserved across the training, validation, and test
sets. A hold-out validation strategy with a 70/10/20 split was employed in this study to evaluate model performance.
While this approach provides an initial assessment of the proposed model, it does not capture performance variability
across multiple data partitions. Stratified k-fold cross-validation is recognized as a more robust evaluation strategy,
particularly for limited datasets, and will be incorporated in future work to further assess the stability and
generalizability of the proposed model. The selected features and targets from the training samples were fed into CNN
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and hybrid CNN-LSTM maodels. Both models were evaluated using Accuracy and loss metrics during the training and
validation phases.

The loss and accuracy plots for the CNN model on training and validation data are shown in Fig. 6 and Fig. 7. The
loss score reached 0.1 in both phases, with a maximum Accuracy of 96% during training and 95% during validation.
The loss and accuracy plots for the CNN-LSTM model on training and validation data are depicted in Fig. 8 and Fig. 9.
The loss score reached less than 0.1 in both phases, and the maximum Accuracy attained was 99% for both the training
and validation phases.

CNN LOSS PLOT
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Fig. 6. Loss Performance Curve of CNN Model During Training and Validation
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Fig. 7. Accuracy Performance Curve of CNN Model During Training and Validation
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Fig. 8. Accuracy Performance Curve of CNN-LSTM Model During Training and Validation
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Fig. 9. Loss Performance Curve of CNN-LSTM Model During Training and Validation

After training both the CNN and CNN-LSTM models, the remaining 20% of the data was used to test the models.
The confusion matrix for the CNN model's DKD prediction is presented in Fig. 10. The True Positive (TP) and True
Negative (TN) values were 96 and 97, respectively. The False Positive (FP) and False Negative (FN) values were 5 and
2, respectively. The confusion matrix for the CNN-LSTM model's DKD prediction is shown in Fig. 11, with TP and
TN values of 98 and 100, respectively, and FP and FN values of 1 and 1.

Predicted Predicted
DKD Normal
Actual
DKD 96 2
Actual
Normal 5 9 7

Fig. 10. Confusion Matrix of CNN Model for DKD Prediction

The confusion matrix of the CNN-LSTM model on DKD prediction is given in Fig. 11. The TP and TN values
attained by the CNN-LSTM model are 98 and 100. The FP and FN scores of the CNN model are 1 and 1.

Predicted Predicted
DKD Normal
Actual
DKD 98 1
Actual
Normal 1 1 00

Fig. 11. Confusion Matrix of CNN-LSTM Model for DKD Prediction
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Based on the confusion matrix values (TP, TN, FP, and FN), performance measures were calculated. The
performance metrics used were Accuracy, Sensitivity, Specificity, Precision, and F1-score. The Accuracy of the CNN
and CNN-LSTM models were 96.5% and 99%, respectively. The sensitivity, specificity, precision, and F1-score for the
CNN model were 95.1%, 97.96%, 95.05%, and 96.48%, respectively. For the CNN-LSTM model, these metrics were
99.01%, 98.99%, 98.99%, and 98.99%, respectively. The performance comparison of the CNN and CNN-LSTM
models is given in Fig. 12. This comparison plot highlights the superior performance of the CNN-LSTM model in
predicting DKD. The ROC plots, which also validate model performance, are shown in Fig. 13 and Fig. 14. The ROC
values for the CNN and CNN-LSTM models were 97.62% and 98%, respectively.

Even though the proposed CNN-LSTM model achieved high performance metrics, including an Accuracy of 99%,
these results should be interpreted with caution. The evaluation was conducted on a relatively small test set, and the
near-perfect performance may partially reflect the balanced nature of the dataset and the effectiveness of feature
preprocessing and selection. High accuracy values on limited datasets may also indicate a potential risk of overfitting,
despite the use of validation data. Therefore, the reported results primarily demonstrate the comparative effectiveness of
the CNN-LSTM model over the CNN baseline within the given experimental setting

PERFORMANCE COMPARISON OF DKD
PREDICTION USING DL

100 FCNN—HENN-LSTM

98

96

94

Metrics in %

92

90 — e S e e —

Accuracy Specificity Sensitivity Precision F1

Fig. 12. Performance Comparison of CNN and CNN-LSTM Models
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Fig. 13. ROC Curve of CNN Model for DKD Prediction

However, a formal ablation study isolating each architectural component was not conducted in this work, the
comparative evaluation between the CNN and CNN-LSTM models provides insight into the contribution of the LSTM
layer. The observed performance improvement of the CNN-LSTM model over the standalone CNN indicates that
incorporating dependency modeling enhances predictive capability. A comprehensive ablation study analyzing the
individual and combined effects of architectural components will be explored in future work to further quantify their
contributions.
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Fig. 14. ROC Curve of CNN-LSTM Model for DKD Prediction

In Table 2, the performance of the proposed CNN-LSTM model for DKD prediction is compared with recent work.
In most of the studies, metrics like specificity and ROC are not considered; they focus only on accuracy, precision,
sensitivity, and F1-score. The comparison shows that the proposed model achieves a higher Accuracy of 99% compared
to recent research models like XGBoost, Random Forest, optimized CNN, CNN, and Extra Trees.

Table 2. Comparison of the proposed model with previous research

Ref Ours [37] [38] [39] [40] [41]
Model CNN- XGBoost Random Forest Optimized CNN CNN Extra tree
LSTM

Accuracy (%) 99 98.3 96 98.75 97.16 98
Specificity (%) 99.01 - - - - -
Sensitivity (%) 98.99 98 97 98 97.18 98
Precision (%) 98.99 98 97 96.55 97.24 99
F1-score (%) 98.99 98 97 99 97.17 99

ROC (%) 98.65 - - - 97.62

In this study, comparative analysis primarily focuses on tree-based ensemble methods and deep learning models, as
these approaches have demonstrated strong performance on structured clinical datasets in prior studies. Classical
machine learning classifiers such as Logistic Regression, Support Vector Machines, and k-Nearest Neighbors were not
included as baselines in the current implementation. This choice was made to emphasize comparison with more
competitive and commonly adopted models for medical decision-support systems. Nonetheless, the inclusion of
traditional machine learning baselines represents an important direction for future work to provide a more
comprehensive comparative evaluation.

5. Conclusion

This study successfully implements a hybrid CNN-LSTM model for predicting Diabetic Kidney Disease (DKD)
using clinical data. The research begins with meticulous data collection and preprocessing to eliminate outliers and refine
the dataset. Feature selection is carried out based on a correlation matrix. Both CNN and CNN-LSTM deep learning
models are trained and evaluated using key performance metrics. The CNN-LSTM model achieves impressive results
with Accuracy, Specificity, Sensitivity, Precision, F1-score, and ROC values of 99%, 99.01%, 98.99%, 98.99%, 98.99%,
and 98% respectively. These findings underscore the effectiveness of CNN-LSTM in DKD prediction.

While the proposed model demonstrates strong predictive performance, further validation on larger and
independent clinical datasets is required to confirm its generalizability and robustness in real-world diagnostic scenarios.
In addition, future research will incorporate stratified k-fold cross-validation, comparisons with traditional machine
learning classifiers, and a detailed ablation study to systematically evaluate the contribution of each component within
the CNN-LSTM architecture. These extensions aim to enhance the reliability, interpretability, and applicability of the
proposed framework in real-world clinical settings.

Limitations: Despite the promising results, this study has several limitations. First, the experimental evaluation
was conducted on a relatively limited dataset, which may affect the generalizability of the findings. Second, model
performance was assessed using a single stratified train—validation—test split rather than repeated cross-validation. Third,
although the CNN-LSTM architecture demonstrated improved performance compared to the CNN baseline, a
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comprehensive ablation study was not performed to isolate the contribution of each architectural component. Finally,
the absence of comparisons with certain traditional machine learning classifiers may limit the scope of the comparative
analysis. These limitations highlight opportunities for further investigation in future studies.

References

[1] Hussain, Salman, Mohammad Chand Jamali, Anwar Habib, Md Sarfaraj Hussain, Mohd Akhtar, and Abul Kalam Najmi.
"Diabetic kidney disease: An overview of prevalence, risk factors, and biomarkers." Clinical Epidemiology and Global
Health 9 (2021): 2-6.

[2] Martinusen, Dan, Judith G. Marin, Elaine Cheng, and Wynnie Lau. "Chronic kidney disease and end stage renal disease."”
In Renal Medicine and Clinical Pharmacy, pp. 45-115. Cham: Springer International Publishing, 2020.

[3] Busch, Martin, Thomas Lehmann, Gunter Wolf, Christian Ginster, Ulrich Alfons Mler, and Nicolle Mler. "Antidiabetic
therapy and rate of severe hypoglycaemia in patients with type 2 diabetes and chronic kidney disease of different stages—a
follow-up analysis of health insurance data from Germany." Experimental and Clinical Endocrinology & Diabetes 129, no. 11
(2021): 821-830.

[4] Podkowinska, Alina, and Dorota Formanowicz. "Chronic kidney disease as oxidative stress-and inflammatory-mediated
cardiovascular disease." Antioxidants 9, no. 8 (2020): 752.

[5] Chen, Ya, Kyung Lee, Zhaohui Ni, and John Cijiang He. "Diabetic kidney disease: challenges, advances, and
opportunities.” Kidney diseases 6, no. 4 (2020): 215-225.

[6] Scilletta, Sabrina, Maurizio Di Marco, Nicoletta Miano, Agnese Filippello, Stefania Di Mauro, Alessandra Scamporrino,
Marco Musmeci et al. "Update on diabetic kidney disease (DKD): focus on non-albuminuric DKD and cardiovascular
risk." Biomolecules 13, no. 5 (2023): 752.

[71 Xing, Jixin, Linxi Huang, Weifu Ren, and Xiaobin Mei. "Risk factors for rapid kidney function decline in diabetes
patients." Renal Failure 46, no. 2 (2024): 2398188.

[8] Tong, Xue, Qun Yu, Ghada Ankawi, Bo Pang, Bo Yang, and Hongtao Yang. "Insights into the role of renal biopsy in patients
with T2DM: a literature review of global renal biopsy results.”" Diabetes Therapy 11 (2020): 1983-1999.

[91 McGrath, Kathryn, and Rina Edi. "Diabetic kidney disease: diagnosis, treatment, and prevention." American family
physician 99, no. 12 (2019): 751-759.

[10] Wang, Na, and Chun Zhang. "Recent Advances in the Management of Diabetic Kidney Disease: Slowing
Progression." International Journal of Molecular Sciences 25, no. 6 (2024): 3086.

[11] Abdelhafiz, Ahmed H. "Diabetic Kidney disease in older people with type 2 diabetes mellitus: improving prevention and
treatment options." Drugs & Aging 37, no. 8 (2020): 567-584.

[12] David, Satish Kumar, Mohamed Rafiullah, and Khalid Siddiqui. "Comparison of different machine learning techniques to
predict diabetic kidney disease.” Journal of Healthcare Engineering 2022, no. 1 (2022): 7378307.

[13] Pal, Saurabh. "Chronic kidney disease prediction using machine learning techniques." Biomedical Materials & Devices 1, no. 1
(2023): 534-540.

[14] Singh, Vijendra, Vijayan K. Asari, and Rajkumar Rajasekaran. "A deep neural network for early detection and prediction of
chronic kidney disease." Diagnostics 12, no. 1 (2022): 116.

[15] Bai, Qiong, Chunyan Su, Wen Tang, and Yike Li. "Machine learning to predict end stage kidney disease in chronic kidney
disease." Scientific reports 12, no. 1 (2022): 8377.

[16] Goni, Md Omaer Farug, Abdul Matin, Tonmoy Hasan, and Md Rafidul Islam Sarker. "Performance Analysis of Classifier for
Chronic Kidney Disease Prediction Using SVM, DNN and KNN." In Proceedings of the International Conference on Big Data,
10T, and Machine Learning: BIM 2021, pp. 3-13. Springer Singapore, 2022.

[17] Maharana, Kiran, Surajit Mondal, and Bhushankumar Nemade. "A review: Data pre-processing and data augmentation
techniques." Global Transitions Proceedings 3, no. 1 (2022): 91-99.

[18] Aldossary, Sultan Mesfer. "Secured Framework for Assessment of Chronic Kidney Disease in Diabetic Patients." Intelligent
Automation & Soft Computing 36, no. 3 (2023).

[19] Allison, Paul D. "Missing data." The SAGE handbook of quantitative methods in psychology (2009): 72-89.

[20] Donders, A. Rogier T., Geert IMG Van Der Heijden, Theo Stijnen, and Karel GM Moons. "A gentle introduction to imputation

[21]
[22]

[23]

[24]
[25]
[26]

[27]

[28]

of missing values." Journal of clinical epidemiology 59, no. 10 (2006): 1087-1091.

Rousseeuw, Peter J., and Mia Hubert. "Robust statistics for outlier detection." Wiley interdisciplinary reviews: Data mining and
knowledge discovery 1, no. 1 (2011): 73-79.

Boukerche, Azzedine, Lining Zheng, and Omar Alfandi. "Outlier detection: Methods, models, and classification." ACM
Computing Surveys (CSUR) 53, no. 3 (2020): 1-37.

Henderi, Henderi, Tri Wahyuningsih, and Efana Rahwanto. "Comparison of Min-Max normalization and Z-Score
Normalization in the K-nearest neighbor (kNN) Algorithm to Test the Accuracy of Types of Breast Cancer." International
Journal of Informatics and Information Systems 4, no. 1 (2021): 13-20.

Rodr guez, Pau, Miguel A. Bautista, Jordi Gonzalez, and Sergio Escalera. "Beyond one-hot encoding: Lower dimensional
target embedding." Image and Vision Computing 75 (2018): 21-31.

Li, Jundong, Kewei Cheng, Suhang Wang, Fred Morstatter, Robert P. Trevino, Jiliang Tang, and Huan Liu. "Feature selection:
A data perspective." ACM computing surveys (CSUR) 50, no. 6 (2017): 1-45.

Huang, Lei, Jie Qin, Yi Zhou, Fan Zhu, Li Liu, and Ling Shao. "Normalization techniques in training dnns: Methodology,
analysis and application." IEEE transactions on pattern analysis and machine intelligence 45, no. 8 (2023): 10173-10196.
Huang, Jinjie, Ningning Huang, Luo Zhang, and Hongmei Xu. "A method for feature selection based on the correlation
analysis." In Proceedings of 2012 International Conference on Measurement, Information and Control, vol. 1, pp. 529-532.
IEEE, 2012.

Li, Zewen, Fan Liu, Wenjie Yang, Shouheng Peng, and Jun Zhou. "A survey of convolutional neural networks: analysis,
applications, and prospects." IEEE transactions on neural networks and learning systems 33, no. 12 (2021): 6999-7019.

Volume 18 (2026), Issue 1 161



[29]
[30]
[31]
[32]
[33]
[34]
[35]

[36]

[37]

[38]

[39]

[40]

[41]

Diabetic Kidney Disease Prediction Using Hybrid Deep Learning Model

Lee, Chankyu, Syed Shakib Sarwar, Priyadarshini Panda, Gopalakrishnan Srinivasan, and Kaushik Roy. "Enabling spike-based
backpropagation for training deep neural network architectures.” Frontiers in neuroscience 14 (2020): 497482.

Mairal, Julien. "End-to-end kernel learning with supervised convolutional kernel networks." Advances in neural information
processing systems 29 (2016).

Indolia, Sakshi, Anil Kumar Goswami, Surya Prakesh Mishra, and Pooja Asopa. "Conceptual understanding of convolutional
neural network-a deep learning approach." Procedia computer science 132 (2018): 679-688.

Sun, Manli, Zhanjie Song, Xiaoheng Jiang, Jing Pan, and Yanwei Pang. "Learning pooling for convolutional neural
network." Neurocomputing 224 (2017): 96-104.

Scabini, Leonardo FS, and Odemir M. Bruno. "Structure and performance of fully connected neural networks: Emerging
complex network properties.” Physica A: Statistical Mechanics and its Applications 615 (2023): 128585.

Mao, Shitong, and Ervin Sejdi¢. "A review of recurrent neural network-based methods in computational physiology." IEEE
transactions on neural networks and learning systems 34, no. 10 (2022): 6983-7003.

Sherstinsky, Alex. "Fundamentals of recurrent neural network (RNN) and long short-term memory (LSTM) network." Physica
D: Nonlinear Phenomena 404 (2020): 132306.

Ribeiro, Anténio H., Koen Tiels, Luis A. Aguirre, and Thomas Sché&n. "Beyond exploding and vanishing gradients: analysing
RNN training using attractors and smoothness.”" In International conference on artificial intelligence and statistics, pp. 2370-
2380. PMLR, 2020.

Islam, Md Ariful, Md Ziaul Hasan Majumder, and Md Alomgeer Hussein. "Chronic kidney disease prediction based on
machine learning algorithms." Journal of pathology informatics 14 (2023): 100189.

Kaur, Chamandeep, M. Sunil Kumar, Afsana Anjum, M. B. Binda, Maheswara Reddy Mallu, and Mohammed Saleh Al Ansari.
"Chronic kidney disease prediction using machine learning.” Journal of Advances in Information Technology 14, no. 2 (2023):
384-391.

Mondol, Chaity, FM Javed Mehedi Shamrat, Md Robiul Hasan, Saidul Alam, Pronab Ghosh, Zarrin Tasnim, Kawsar Ahmed,
Francis M. Bui, and Sobhy M. Ibrahim. "Early prediction of chronic kidney disease: A comprehensive performance analysis of
deep learning models." Algorithms 15, no. 9 (2022): 308.

Ramanaiah, Preethi Kolluru. "Feature Selection Al Technique for Predicting Chronic Kidney Disease." American Journal of
Artificial Intelligence 12, no. 4 (2024): 32-40.

Dey, Samrat Kumar, Khandaker Mohammad Mohi Uddin, Hafiz Md Hasan Babu, Md Mahbubur Rahman, Arpita Howlader,
and KM Aslam Uddin. "Chi2-MI: A hybrid feature selection based machine learning approach in diagnosis of chronic kidney
disease." Intelligent Systems with Applications 16 (2022): 200144.

Authors’ Profiles

Konne Madhavi holds a post-graduate degree in M.Tech Computer Science and Engineering and is actively
pursuing Ph.D. in Artificial Intelligence domain, demonstrating a strong commitment to advancing knowledge
in this dynamic field. As an Assistant Professor at Lovely Professional University (LPU), she is also dedicated
to shaping the next generation of computer science professionals. Her current research interests lie in machine
learning, reflecting her passion for exploring innovative solutions within artificial intelligence.

Harwant Singh Arri is working as Associate Professor in the School of Computer Science and Engineering,
Lovely Professional University, Punjab, India. He received his Ph.D. from Lovely Professional University. He
has received M. Tech degree in Computer Engineering from Punjab Technical University, India. His research
interests include Machine Learning, Deep Learning, Blockchain, Cloud/ Fog/Edge Computing, Network
Security and Web services.He has been session chair and advisory member for various International Conferences.

How to cite this paper: Konne Madhavi, Harwant Singh Arri, "Diabetic Kidney Disease Prediction Using Hybrid Deep Learning
Model", International Journal of Image, Graphics and Signal Processing(lJIGSP), Vol.18, No.1, pp. 150-162, 2026.
DOI:10.5815/ijigsp.2026.01.09

162

Volume 18 (2026), Issue 1



