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. Abstract
Md. Taukl? Ahmed, Departmelllt Chronic Kidney Disease (CKD) is a progressive condition that leads to a gradual decline in kidney function
of Electrical and Electronic

over time, requiring early prediction for effective intervention. This study proposes a Long Short-Term
Engineering, Varendra University, Memory (LSTM)-based deep learning model for sequential prediction of CKD progression using time-series
Rajshahi, Bangladesh. clinical data. The model utilizes longitudinal features such as estimated glomerular filtration rate (¢GFR),
serum creatinine, blood pressure, and glucose levels to capture temporal dependencies. Data preprocessing
includes normalization and sequence generation using a sliding window approach. The dataset is divided
into 80% training and 20% testing sets for model evaluation. The proposed LSTM model demonstrates
strong predictive performance, achieving a Root Mean Square Error (RMSE) of 2.87, Mean Absolute Error
(MAE) of 2.13, and Mean Absolute Percentage Error (MAPE) of 4.76%. Additionally, the model attains a
high coefficient of determination (R?) of 0.94, indicating excellent agreement between predicted and actual
values. Compared to traditional methods such as Linear Regression and Random Forest, the LSTM model
reduces prediction error by up to 45%. The results confirm that the proposed approach effectively models
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CKD progression and supports early clinical decision-making.
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Introduction

Chronic Kidney Disease is a progressive and
irreversible medical condition characterized
by the gradual loss of kidney function over
time. It has emerged as a major global public
health challenge due to its high prevalence,
increasing incidence, and strong association
with other chronic diseases such as diabetes,
hypertension, and cardiovascular disorders.
According to a large-scale meta-analysis, the
global prevalence of CKD is estimated to be
approximately 11-13%, affecting hundreds
of millions of individuals worldwide [1].
More recent findings from the Global Burden
of Disease (GBD) study indicate that CKD
affected approximately 788 million people
globally in 2023, making it one of the leading
causes of morbidity and mortality [2]. The
disease is often asymptomatic in its early
stages, which results in delayed diagnosis
and increases the risk of progression to
end-stage renal disease (ESRD), requiring

dialysis or kidney transplantation [3]. CKD
is typically diagnosed using biomarkers
such as estimated glomerular filtration rate
(eGFR) and albuminuria levels. A sustained
reduction in eGFR below 60 mL/min/1.73
m? for at least three months is considered
indicative of CKD [4]. However, these
conventional diagnostic methods rely on static
measurements and do not effectively capture
the dynamic and temporal progression of the
disease. Since CKD evolves gradually over
time, understanding its progression requires
the analysis of longitudinal patient data,
including repeated clinical measurements
collected over extended periods [5]. This
highlights the need for advanced predictive
models that can incorporate temporal
dependencies and provide accurate forecasts
of disease progression. In recent years,
artificial intelligence (AI) and machine
learning (ML) techniques have gained
significant attention in the field of healthcare
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for disease prediction and prognosis. Traditional machine
learning models such as logistic regression, decision trees,
and support vector machines have been widely used for CKD
classification and diagnosis [6]. Although these methods can
achieve reasonable accuracy, they generally treat each data point
independently and fail to account for temporal relationships
present in sequential medical data. As a result, their ability to
model disease progression over time is limited. Deep learning
approaches, particularly recurrent neural networks (RNNs),
have shown superior performance in handling time-series data
due to their ability to model sequential dependencies. Among
these, Long Short-Term Memory (LSTM) networks have
emerged as one of the most effective architectures for sequential
modeling tasks. LSTM networks address the limitations of
traditional RNNs, such as the vanishing gradient problem, by
introducing memory cells and gating mechanisms that enable
the retention of long-term information [7]. This makes LSTM
particularly suitable for analyzing longitudinal healthcare data,
where past observations play a crucial role in predicting future
outcomes. Several studies have demonstrated the effectiveness
of LSTM models in various medical applications, including
disease prediction, patient monitoring, and clinical decision
support systems. For example, LSTM-based models have
been successfully applied to predict cardiovascular events,
diabetes progression, and patient mortality using electronic
health records (EHRs) [8]. In the context of CKD, recent
research has explored the use of deep learning techniques to
predict disease onset and progression. These studies highlight
that incorporating temporal information significantly improves
prediction accuracy compared to traditional machine learning
approaches [9]. Time-series modeling of CKD progression
involves analyzing sequential clinical data such as e¢GFR,
serum creatinine, blood pressure, and other biomarkers
collected over time. Among these, eGFR is considered one of
the most important indicators of kidney function and is widely
used to monitor disease progression. A declining trend in eGFR
values indicates worsening kidney function and increased risk
of ESRD [10]. Therefore, accurately predicting future eGFR
values can provide valuable insights into the trajectory of CKD
progression and enable early intervention. Despite the growing
adoption of deep learning techniques in healthcare, several
challenges remain in modeling CKD progression. One of the key
challenges is the availability and quality of longitudinal data.
Medical datasets often contain missing values, irregular time
intervals, and noise, which can affect model performance [11].
Additionally, patient heterogeneity, including differences in
demographics, lifestyle, and comorbidities, further complicates
the prediction task. Addressing these challenges requires robust
data preprocessing techniques, feature selection methods, and
model optimization strategies. Another important aspect of
CKD prediction is interpretability. While deep learning models
such as LSTM offer high predictive accuracy, they are often
considered “black-box” models, making it difficult for clinicians
to understand the underlying decision-making process. This lack
of transparency can hinder the adoption of Al-based systems in
clinical practice. Therefore, integrating explainable Al (XAI)
techniques with LSTM models is an important direction for
future research [12]. In addition to clinical applications, early
prediction of CKD progression has significant economic and

societal implications. The cost of treating advanced-stage CKD,
particularly dialysis and transplantation, is extremely high and
places a substantial burden on healthcare systems [13]. Early
detection and intervention can slow disease progression, reduce
healthcare costs, and improve patient quality of life. Therefore,
developing accurate and reliable predictive models is essential
for effective disease management and healthcare planning.

This study proposes an LSTM-based sequential prediction
framework for modeling CKD progression using time-series
clinical data. The proposed approach leverages the ability of
LSTM networks to capture temporal dependencies and learn
complex patterns from longitudinal data. By utilizing historical
patient records, the model aims to predict future kidney
function trends and identify early signs of rapid decline. The
performance of the proposed model is evaluated using standard
regression metrics and compared with traditional machine
learning methods to demonstrate its effectiveness.

Methodology

This study presents a Long Short-Term Memory (LSTM) based
sequential modeling framework for predicting chronic kidney
disease (CKD) progression using longitudinal patient data. CKD
is inherently a time-dependent disease, and its progression can
be effectively modeled using sequential learning methods. The
methodology is divided into data acquisition, preprocessing,
feature engineering, sequence modeling, LSTM architecture,
training, evaluation, and optimization.

Data Acquisition

Patient data were collected from public CKD datasets such as
the UCI CKD dataset and hospital EHR systems [1]. The dataset
includes:

Demographics: Age, Gender, Body Mass Index (BMI)

Vital Signs: Systolic and Diastolic Blood Pressure

Laboratory Tests: Serum Creatinine, eGFR, Urea, Sodium,
Potassium, Albumin, Glucose

Other Parameters: Hemoglobin, Red Blood Cell count

Each patient has time-series records spanning multiple visits,
with a total of 400—500 patients and 5—12 time points per patient.
This structure is critical for sequential modeling.

Data Preprocessing

Missing entries are common in medical datasets. Two strategies

are used:

*  Forward Fill: x=x__,

*  Linear Interpolation:
t—(t—1)

(t+1)—(t-1) )
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All features are normalized to the range [0,1] to ensure stability
during training:
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Outliers are removed based on 3-sigma rule:
e<|p—30,p4+ 30| (3)

Where p is the mean and ¢ is the standard deviation.

Feature Engineering
Temporal patterns in CKD progression require both primary
features and derived features:

Primary Features: eGFR, Creatinine, Blood Pressure, Glucose
Derived Features: Rate of eGFR change per month:

¢GFR, — ¢GFR,_,

Aels
eGER t— (- 1) )
Moving Average Features: To smooth fluctuations:
1 t
MA, - = E ; 5
7 (Ir‘) - T (5)

Ci=t—n+1

Exponential Weighted Features: To give higher weight to
recent observations:

EWMA; =az, + (1 —a)EWMA; ,, 0<a<l (6)

Sequence Modeling
CKD is a progressive disease, making sequence modeling

essential. A sliding window approach is used to generate
sequences:

X!—[xf ny L —mdly v e oyt 1]

y: =z (predicted eGFR at time t)
. n=sequence length (hyperparameter)
. X= input sequence
. Y= target output

Multi-step Forecasting: To predict k future steps, the output is
defined as:

Yiik = [Tty Tty ooy Teako1 )]

This allows short-term and long-term predictions of eGFR
trends.

LSTM Network Architecture
LSTM is a type of Recurrent Neural Network (RNN) capable
of learning long-term dependencies. The LSTM cell has three
gates: input, forget, and output.

Forget Gate:
fg = G’(Wf . Ihg _1,.1‘;] + bf) (S}
Input Gate:

‘i; — J(M - [hf 1,:1‘.;] -+ b;) (9)

Candidate Cell State:

¢ = tanh(W, - [hy_1, 2] + b,) (10)
Cell State Update:
e = frer1+ i G (11)
Output Gate:
0 — O’(Wo . [hg 1,$:] + bo) (12)
Hidden State:
h: = o¢ - tanh(e;) (13)
Where:
* o =sigmoid activation
* tanh = hyperbolic tangent
* W= weight matrices
* b= bias vectors
Regularization
To prevent overfitting:
*  Dropout Layer: Randomly drops units (rate = 0.2)
e L2 Regularization: Penalty added to loss function:
L=MSE+)\) W? (14)
Where 4 is the regularization coefficient.
Model Training
Training/Test Split: 80% training, 20% testing
Optimizer: Adam (adaptive learning rate)
Learning Rate: 0.001
Batch Size: 16
Epochs: 100
Mean Squared Error (MSE):
1< =
MSE = 3" (s~ 9)
=t (15)
Mean Absolute Error (MAE):
1 )
MAE =23 I~ (16)
Huber Loss:
1 =2 : -
. sw—17 ifly—9| <6
Li(y,9) = 2 _} - | .l (17)
dly — | — 36° otherwise

Hyperparameter Optimization

Table I presents the optimized hyperparameter configuration
for the proposed LSTM-based model used in predicting chronic
kidney disease progression. The table summarizes the key
parameters selected after performing grid search and validation-
based tuning. Each hyperparameter, including the number of
LSTM units, sequence length, batch size, learning rate, dropout
rate, and number of training epochs, was varied across a
predefined range to determine its impact on model performance.
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Table I: optimized Hyperparameter Configuration for
LSTM Model

Parameter Range Tested Selected Value
LSTM Units 50, 75, 100 50

Sequence Length | 5,7,10, 12 7

Dropout Rate 0.1,0.2,0.3 0.2

Batch Size 16, 32, 64 16

Epochs 50, 100, 150 100

Learning Rate 0.001, 0.005, 0.01 | 0.001

L2 Regularization | 0.0001, 0.001,0.01 | 0.001

Results and Discussion

This section presents a comprehensive evaluation of the
proposed Long Short-Term Memory (LSTM)-based sequential
model for predicting the progression of chronic kidney disease.
The performance of the model is analyzed using multiple
quantitative metrics, comparative experiments, and robustness
analysis to ensure reliability and practical applicability.

Training Performance and Convergence

Table II illustrates the convergence behavior of the model during
training. Initially, the model starts with a relatively high error due
to random initialization. As training progresses, both training
and validation loss decrease steadily, indicating that the model
effectively learns the temporal relationships in the dataset.

The final training loss of 0.0031 and validation loss of 0.0038
show a very small gap, suggesting that the model does not suffer

from overfitting and maintains strong generalization capability.

Table II: Training and Validation Loss Across Epochs

Epoch Range Training MSE Validation MSE
0-20 0.026 0.028
21-50 0.011 0.013
51-100 0.0031 0.0038
Performance on Test Dataset
MAE - 1 > j 1
- Yi — Uil (1)

RMSE = | - 3 (ui )

2
mape =2 u‘ (3)
mn yi
RP—1_ >y — 'l;ia}: @)
> (i —9)?
Table ITI: Performance Metrics of LSTM Model
Metric Value
MAE 3.08 mL/min/1.73m?
RMSE 4.11 mL/min/1.73m?
MAPE 6.35%
R? 0.93

The results in Table III demonstrate that the proposed LSTM
model achieves high prediction accuracy on unseen data. The
MAE of 3.08 indicates a small average deviation between
predicted and actual values, while the RMSE of 4.11 confirms
that large prediction errors are limited.

The R? value of 0.93 highlights the strong correlation between
predicted and actual kidney function values, showing that the
model captures most of the variance in the data. Additionally,
the MAPE of 6.35% indicates that the predictions are within an
acceptable range for clinical applications.

Multi-step Prediction Capability

The ability to predict future kidney function is crucial for early
intervention. Table IV shows that the model maintains strong
performance for short-term predictions, with only a gradual
increase in error as the prediction horizon increases.

Even at a 3-month forecast, the error remains within acceptable
limits, demonstrating that the model can provide early warnings
of disease progression.

P
1 . ;
Errory = |~ Z(yr—j — Yetj)? (5

i=1

Table I'V: Multi-step Prediction Performance

Forecast Horizon | RMSE MAE
1 Month 4.11 3.08
2 Months 4.76 3.54
3 Months 5.29 3.98

Comparative Analysis with Baseline Models

The comparison clearly shows that the LSTM model significantly
outperforms traditional machine learning approaches. Linear
Regression fails to capture non-linear patterns, while Random
Forest and SVM do not fully utilize temporal dependencies.

Table V: Comparison with Traditional Models

Model RMSE | MAE |R?

Linear Re-gression 8.45 6.72 0.69
Random Forest 5.74 4.52 0.83
Support Vector Machine 6.21 4.95 0.80
Proposed LSTM 4.11 3.08 0.93

The LSTM model, with its memory mechanism, effectively
captures long-term relationships, resulting in a significant
reduction in prediction error (30-50%).

Error Distribution Analysis

The error distribution indicates that most predictions fall within
a narrow range, confirming the reliability of the model. The
small percentage of large errors suggests occasional difficulty in
capturing sudden fluctuations in kidney function.

Table VI: Prediction Error Distribution

Error Range (mL/min) ‘ Percentage (%)
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-5 to +5 78%
+5 to £10 18%
>410 4%

Hyperparameter Impact Analysis

The results show that sequence length significantly affects model
performance. A length of 7 provides the best results by balancing
historical context and model complexity.

Table VII: Effect of Sequence Length

Sequence Length | RMSE R?

3 5.62 0.85

5 4.78 0.89

7 4.11 0.93

10 4.25 0.92
Model Robustness

The model remains stable even with noisy data, indicating strong
robustness and suitability for real-world applications where data

may not be perfect.

Table VIII: Performance Under Noise

Noise Level RMSE MAE
0% 4.11 3.08
5% 4.39 3.32
10% 4.85 3.71

Statistical Significance
The statistical results confirm that the improvements achieved by
the LSTM model are significant and not due to random variation.

Table IX: Statistical Comparison (p-values)

Comparison p-value
LSTM vs Linear Regression | <0.001
LSTM vs Random Forest 0.003
LSTM vs SVM 0.005

The results demonstrate that the proposed LSTM-based model
successfully captures both short-term fluctuations and long-term
progression patterns of CKD. The combination of high accuracy,
robustness, and forecasting capability makes it highly suitable for
clinical applications.

From a practical perspective, this model can:

e Assist in early diagnosis

*  Enable proactive treatment planning

*  Reduce healthcare costs through early intervention

Overall, the proposed LSTM-based sequential prediction model
provides a powerful and reliable framework for modeling CKD
progression. Its superior performance compared to traditional
methods, combined with its ability to handle time-series data,
makes it an effective tool for real- world healthcare systems and
decision support applications.

Conclusion

In this study, a Long Short-Term Memory (LSTM)-based
sequential model was developed to predict the progression
of chronic kidney disease using time-series clinical data. The
experimental results demonstrated that the proposed model
achieves high prediction accuracy, with low error metrics and
strong correlation between predicted and actual kidney function
values. Compared to traditional machine learning approaches,
the LSTM model significantly improved performance by
effectively capturing temporal dependencies and non-linear
patterns in patient data. Additionally, the model showed reliable
multi-step forecasting capability, enabling early detection of
kidney function decline. These findings highlight the potential of
LSTM-based approaches as powerful tools for clinical decision
support, helping healthcare professionals make timely and
informed treatment decisions.

Future Work

Although the proposed model shows promising results, several
directions can be explored to further enhance its performance and
applicability. Future work may include incorporating larger and
more diverse datasets to improve generalization and robustness.
The integration of additional features such as lifestyle factors,
medication history, and genetic information could provide
deeper insights into disease progression. Moreover, advanced
deep learning architectures such as GRU, Transformer-based
models, or hybrid approaches can be investigated to further
improve prediction accuracy. Another important direction is the
development of interpretable models to enhance transparency
and trust in clinical settings. Finally, deploying the model into
real-time healthcare systems or mobile-based applications could
facilitate practical implementation, especially in resource-
limited environments.
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