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Article Info ABSTRACT
Article history: This study focuses on the development and validation of a urine-based

diagnostic model for early detection of Chronic Kidney Disease (CKD).
Only urine indicators, hypertension, diabetes mellitus, coronary artery
disease, appetite, pedal edema, and anemia, are selected based on their
relevance to CKD. A decision tree algorithm is utilized for model
development, with specific parameters set for optimal performance. The
Keywords: model is trained and evaluated using two datasets, demonstrating
promising results in terms of 100% true positive and true negative rates
in validation study. The findings highlight the potential clinical
significance and applicability of the developed model for timely
interventions in CKD patients.
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1. INTRODUCTION

Chronic Kidney Disease (CKD) is a progressive condition characterized by a gradual decline in kidney
function over time, leading to a range of complications and increased morbidity and mortality rates
[1]. This disease has become a significant public health concern globally, with a rising incidence and
prevalence in both developed and developing countries [2]. Early detection and intervention play a
crucial role in managing CKD effectively and preventing its progression to end-stage renal disease
(ESRD). Timely diagnosis allows for the implementation of interventions such as lifestyle
modifications, pharmacotherapy, and appropriate referral to nephrology specialists, ultimately
improving patient outcomes [3]. However, CKD is often asymptomatic in its early stages, making early
detection challenging. Therefore, the development of accurate and non-nvasive diagnostic tools is of
paramount importance in improving clinical outcomes for CKD patients. Serum Creatinine Level.
"Serum creatinine level is a widely used indicator for assessing renal function in CKD diagnosis.
Elevated levels of serum creatinine indicate impaired kidney function and decreased glomerular
filtration rate (GFR)". Calculation Methods for Glomerular Filtration Rate (GFR) such as MDRD and
CKD-EPI Equations. "GFR estimation equations, such as the Modification of Diet in Renal Disease
(MDRD) and Chronic Kidney Disease Epidemiology Collaboration (CKD-EPI) equations, are
commonly utilized to estimate GFR based on serum creatinine levels, age, gender, and race". Renal
Histopathology Examination. "Renal histopathology examination involves the microscopic evaluation
of kidney tissue samples obtained through biopsy. It provides crucial information about the structural
abnormalities in glomeruli, tubules, and interstitium, aiding in the confirmation and classification of
renal damage".
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Imaging Techniques (Ultrasound, CT Scans, MRI, etc.)."Imaging techniques such as
ultrasound, computed tomography (CT) scans, and magnetic resonance imaging (MRI) play a
significant role in identifying structural abnormalities and defects in the kidneys. These non-invasive
imaging modalities assist in the diagnosis and evaluation of renal pathologies” [4]. Urine Examination
Indicators.

Quantitative Assessment of Urinary Protein."Quantitative measurement of urinary protein,
typically expressed as the protein-to-creatinine ratio (PCR), is an essential indicator for evaluating
renal damage. Increased levels of urinary protein (proteinuria) are suggestive of glomerular
dysfunction and are considered a hallmark of CKD" [s].

Urine Specific Gravity. "Urinary specific gravity (SG) reflects the concentration of solutes in
the urine and can provide insights into the kidney's ability to concentrate urine. Abnormal SG levels
may indicate impaired renal function” [6].

Presence of Red Blood Cells (RBCs) and White Blood Cells (WBCs) in Urine. "The presence of
red blood cells (hematuria) and white blood cells (pyuria) in urine can signify underlying kidney
damage or inflammation. Urine microscopy is commonly employed to detect the presence of these
cells"[7].

Table 1. Summary of Key Research Topics and Methods in Chronic Kidney Disease (CKD) Diagnosis

Research Topic Key Points Research Methods
Global prevalence and back- Literature review, global prevalence
CKD Diagnosis Criteria and Background ground of CKD [3] analysis
Serum creatinine and GFR calcu-  KDIGO guidelines, CKD-EPI and
Assessment of Renal Dysfunction lation methods [1][8][9] MDRD formulas, literature review
Significance of urine protein,
Application of Urine Markers in CKD Diagno-  specific gravity, and RBC and Community-based urine testing,
sis WBC counts [10][11][12] urine microscopy, literature review
Importance of WBC and RBC
Impact of WBC and RBC in Urine on CKD Di-  counts in renal disease assess- Urine microscopy examination, liter-
agnosis ment [13][14][15][16] ature review
Detecting proteinuria and other Urine analysis indicators and applica-
Urinalysis Application in CKD Diagnosis indicators in urine [17][18] tion, literature review
Correlation betweenhematuria Urine analysis indicators and applica-
Hematuria and CKD Diagnosis and CKD diagnosis [19][20] tion, literature review

2. RESEARCH METHOD
2.1. Selection of Urine Indicators Related to CKD (Based on the basic specifications of urine
testing combined with medical history): sg, al, su, class, htn, dm, cad, appet, pe, ane.

Regarding the data used for modelingand validation, a prior study titled "Risk Factor Prediction
of Chronic Kidney Disease based on Machine Learning Algorithms" by M. A. Islam et al. (2020) was
presented at the 2020 3rd International Conference on Intelligent Sustainable Systems (ICISS) in
Thoothukudi, India [20]. Anotherpublic dataset for CKD validation was on Kaggle, curated by M.
Jhaveri (2021) under the title "CKD Data." The dataset, accessible through the DOI: 10.24432/C5Go20,
contains relevant featureswhich are related to CKD diagnosis [21].

2.2. Model Selection and Construction: Decision tree algorithm was chosen considering the
limited sample size (200) and self-descriptiveness.

Split Criterion. The split criterion determines the measure used to evaluate the quality of a split
in the decision tree. In this case, the gain ratio was chosen as the split criterion. The gain ratio takes
into account the information gain and the intrinsic information of the feature, allowing for more
effective splitting.

Max Depth. The max depth parameter specifies the maximum depth or levels of the decision
tree. A deeper tree can capture more complex relationships in the data, but it can also lead to overfit-
ting. A max depth of 7 was chosen to strike a balance between capturing important patterns and avoid-
ing overfitting.
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Min Samples Split. This parameter sets the minimum number of samples required to split an
internal node. A higher value helps prevent the tree from splitting too early and capturing noise or
small fluctuations in the data. A value of 4 was chosen to ensure a sufficient number of samples for
splitting.

Min Samples Leaf. The min samples leaf parameter specifies the minimum number of samples
required to be at a leaf node. A higher value helps prevent the tree from creating small leaves based on
a few samples. A value of 2 was chosen to avoid overly small leaves.

Minimal Gain. The minimal gain parameter sets the minimum improvement in the chosen
split criterion required for a split to occur. It helps prevent the tree from creating splits with minimal
improvement. A minimal gain of 0.1 was chosen to ensure meaningful splits.

These parameter settings were determined based on considerations of the dataset's character-
istics, the desired balance between complexity and generalization, and the goal of creating an inter-
pretable model.

3. RESULTS AND DISCUSSIONS

3.1. Performance on the Training Open Dataset

In the training phase using the open dataset, the model achieved a true positive count of 123,
indicating that 123 cases of CKD were correctly identified. Additionally, it achieved a true negative
count of 72, indicating that 72 non-CKD cases were correctly identified. There were no false positives
(FP), meaning that no non-CKD cases were incorrectly classified as CKD. However, there were 5 false
negatives (FN), indicating that 5 cases of CKD were missed by the model you can see Figure 1 and
Figure 2.
3.2. Validation using the SecondOpen Dataset

In the validation phase using the second open dataset, the model achieved a true positive count
of 43, indicating that 43 cases of CKD were correctly identified. Additionally, it achieved a true negative
count of 115, indicating that 115 non-CKD cases were correctly identified. There were no false positives
(FP), meaning that no non-CKD cases were incorrectly classified as CKD. Moreover, there were no false
negatives (FN), indicating that all CKD cases were correctly identified by the model you can see Figure
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Figure 1. Performance on the Training.
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3.3. Results Analysis and Interpretation

The model's performance was evaluated on two separate datasets. The training open dataset
yielded a total of 123 true positive predictions, correctly identifying patients with chronic kidney dis-
ease (CKD). Additionally, it achieved 72 true negative predictions, accurately classifying individuals
without CKD. Importantly, there were no false positive predictions, indicating that the model did not
falsely identify healthy individuals as having CKD. However, it did have 5 false negative predictions,
meaning that 5 cases of CKD were missed by the model.

For the validation phase, the second open dataset was used to assess the model's generaliza-
tion capability. The results showed promising performance, with 43 true positive predictions and 115
true negative predictions. Similar to the training dataset, there were no false positive predictions, in-
dicating high specificity. Furthermore, there were no false negative predictions, suggesting that the
model successfully identified all cases of CKD in the validation dataset.

These results demonstrate the potential of the developed model for CKD detection and clas-
sification. However, further analysis and interpretation are necessary to understand the model's limi-
tations, generalizability, and applicability in real-world clinical settings.

3.4. The Potential and Limitations of Pure Urine Testing in CKD Diagnosis

Pure urine testing has shown significant potential as a diagnostic tool for chronic kidney disease
(CKD). By analyzing specific urine indicators such as specific gravity (sg), albumin (al), and sugar (su),
valuable insights can be gained regarding renal function and potential kidney damage. These non-
invasive and readily available tests offer convenience and can be easily incorporated into routine clin-
ical practices. However, it is important to note that urine testing alone may not provide a comprehen-
sive assessment of CKD. The inclusion of additional diagnostic methods, such as blood tests and im-
aging studies, is crucial for a more accurate and complete evaluation of the disease.
3.5. The Effectiveness and Practicality of the Model

The developed model, based on decision tree algorithm and trained on a specific open dataset,
has demonstrated promising performance in CKD detection and classification. Its ability to accurately
identify true positive and true negative cases in both the training and validation datasets highlights its
effectiveness. The model's self-descriptiveness, simplicity, and interpretability make it a practical
choice for implementation in clinical settings with limited resources. However, it should be noted that
the model's performance may vary when applied to different datasets or populations, requiring further
validation and customization.
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Table 2. Uppermost Recent Similar Research(July 2023)

Approach Methodology
Early detection of CKD [22] Systematic review discussing the use of Al for early CKD detection

12 machine learning-based classification algorithms, SMOTE technique, ensemble
CKD prediction [23] technique
Improving CKD management us-
ing Al[24] Review article discussing the importance of ML and Al in CKD management

XGBoost classifier, Pearson correlation for feature selection, BBO algorithm for feature
Automatic CKD diagnosis [25] subset selection, SHAP analysis
Evaluating ML classification Hybrid model with Gaussian Naive Bayes, gradient boosting, decision tree as base clas-
techniques [26] sifiers, and random forest as meta-classifier

4. CONCLUSION

In this study, we successfully developed and validated a CKD detection model based on pure urine
testing. By utilizing specific urine indicators and applying a decision tree algorithm, the model
demonstrated promising performance in accurately identifying and classifying CKD cases. The
inclusion of relevant clinical features and the use of a well-curated open dataset contributed to the
model's effectiveness and reliability. The model's ability to leverage the simplicity and accessibility of
urine testing showcases its potential as a valuable tool for early CKD diagnosis. The developed CKD
detection model holds significant prospects and clinical significance. By relying on non-invasive and
easily accessible urine testing, the model offers a cost-effective and convenient approach to screening
and diagnosing CKD in various healthcare settings. Its potential application extends to primary care
clinics, resource-limited environments, and population-based screening programs. Implementing this
model can facilitate early detection and intervention, leading to improved patient outcomes, reduced
healthcare costs, and better allocation of healthcare resources. While the model shows promising
results, further research and validation are necessary to enhance its performance and evaluate its real-
world utility. Collaboration with healthcare professionals, integration into electronic health records,
and conducting prospective studies will provide valuable insights into the model's long-term predictive
capabilities and clinical impact. To enhance the model's performance and broaden its applicability,
several improvements and future research directions can be considered. Firstly, incorporating
additional features, such as demographic information, comorbidities, and genetic markers, may
improve the model's predictive accuracy. Secondly, exploring ensemble methods or other advanced
machine learning algorithms could potentially enhance the model's performance by capturing more
complex patterns in the data. Furthermore, conducting larger-scale studies with diverse populations
and utilizing longitudinal data can provide valuable insights into the long-term predictive capabilities
of the model. Lastly, integrating the model into electronic health records (EHR) systems and
conducting real-world validation studies can facilitate its integration into clinical practice and assess
its impact on patient outcomes. Overall, the developed model utilizing pure urine testing for CKD
diagnosis shows promise but requires further investigation and refinement to optimize its
effectiveness, generalizability, and real-world applicability. In conclusion, the establishment and
validation of a CKD detection model based on pure urine testing offer a promising avenue for
improving the early diagnosis and management of CKD. By leveraging machine learning algorithms
and utilizing readily available urine indicators, this model demonstrates potential in facilitating timely
interventions and improving patient outcomes.
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