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[bookmark: _TOC_250019]INTRODUCTION
Chronic Kidney Disease (CKD) is a long-term disease that often has an insidious course before reaching advanced stages, so that early identification is imperative in order to prevent complications and clinical intervention. Recent research demonstrates an emerging interest in the applications of artificial intelligence (AI) in CKD screening, progression modelling and outcome forecasting, using routine clinical data such as blood and urine laboratory tests [1], [4], [5]. However, many good machine learning (ML) models are not easily interpretable and this lowers clinical confidence and adoption in the real world. This is why explainable AI (XAI) has become the core of CKD-associated predictive analytics, where reasoning behind risk scores, feature contributions and decision supports are essential for clinicians [2], [3].
This project proposes an explainable CKD classification system using a publicly available dataset from Kaggle. The dataset consists of 4000 records and 25 predictive features (including some laboratory variables such as blood glucose random, blood urea, serum creatinine, sodium, potassium, haemoglobin, packed cell volume, white blood cell count, and red blood cell count) and a categorical target variable named "ckd" or "notckd." The model will be created in Orange software and will be compared between five ML models like Evaluation AUC Model F1 Score Accuracy Precision Recall Confusion Matrix Analysis.
Explainability will be added to generate feature-level and case-level interpretations consistent with the need for trustworthy clinical decision support [2], [4], [5].
[bookmark: _TOC_250018]LITERATURE REVIEW

[bookmark: _TOC_250017]AI in CKD prediction and management
AI is increasingly being utilized across the care pathways from CKD, ranging from CKD screening and detection in the initial stages to CKD progression and co-morbid complications. A Scoping Review Encourages Translation: AI approaches are exploding in the context of CKD management, although translation requires between data quality, validation and interpretability [1]. Work in nephrology similarly highlights the importance of the precision and multimodal intelligence, and that the AL tools can aid in risk stratification, but they would need to be clinically credible and transparent in order to pilot adoption [14]. In the nephrology and more broadly, kidney care literature the potential for AI has been detailed recently but it is also emphasised the importance of governance, reliability and explainable outputs to support clinician confidence [13], [16].

Explainable Artificial Intelligence for Risk of Kidney Disease Prediction
Explainable ML models for CKD is an increasing number of reports about a 'bridging accuracy and interpretability'. Peer-reviewed studies specifically focus on enhancing the forecasting performance and incorporate explainability mechanisms in order to justify the clinical interpretation of model outcomes [2]. Scientific Reports work looking at explainable ML for CKD prediction Argues that explainability is not an optional of a model, explainability is part of model credibility, especially if the features are clinical measures doctors will understand and validate [3].
A strong trend in recent CKD XAI research has been to use SHAP to give feature contribution explanations. A SHAP-based AI risk prediction model explicitly applies SHAP for interpreting the risk of CKD and finding influential variables in Thailand [4]. A multicenter retrospective study describes an explainable prediction of early-stage CKD model and reaffirms the importance of multicenter validation and explainable outputs to advance beyond technical performance [5]. In related directions, combining ensemble learning and explainable AI has been proposed for early prognosis, suggesting that the combination of model diversity and explainability can be used to improve a model's robustness and explainability [6], [17].
[bookmark: _TOC_250016]Broadened CKD-Related Predictive Uses
CKD does not occur in isolation, it interacts with cardiovascular risk and heart failure.
Predictive studies expand ML into CKD linked cardiovascular disease prediction and CKD linked heart failure prediction, implying that explainable CKD prediction may well be a basis of modelling down-stream risks [7], [8]. CKD progression prediction through AI reveals the importance of early risk identification to anticipate deterioration and terminate resources, supporting early detection of this project using common lab indicators [9]. Research about end stage renal disease outcome finds merit in data-driven-prediction across multiple data sources, supporting the importance of structured features, careful preprocessing and evaluation [12].
[bookmark: _TOC_250015]Explainability beyond prediction: Clinical meaning and trust
Explainability must conform to clinical reasoning. Work on CKD inflammatory scoring provides an example of how clinically interpretable scoring mechanisms may aid in the differentiation of patient states, implying that ideally explainable outputs should cover a medical construct that clinicians can understand and refute [10]. Cloud-based and real-time

XAI approaches hint towards operational deployment where explanations might be needed at all times [11], [20]. Studies also indicate deep learning methods for CKD prediction, although the main drawback is interpretability, unless used with XAI techniques [15].
[bookmark: _TOC_250014]Comparison table: previous work vs this project
The project is aligned with the literature but also makes a focused contribution by using a standard CKD dataset and implementing explainability within a transparent modelling workflow in Orange, allowing reproducibility and structured comparison across multiple ML models.
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[bookmark: _TOC_250013]RATIONALE AND RESEARCH GAP
Despite growth in CKD AI, there are three gaps in practicality. First, many studies focus on accuracy at the expense of providing much about how to generate explanations, compare them across models, and help clinicians interpret their performance [1], [3]. Second, explainable CKD models usually are presented in a single modelling framework, which makes it hard to tell whether interpretability and performance trade-offs are dependent on model choice [2], [4]. Third, reproducible tool-based workflows that could be replicated by a clinical analytics team are not always well documented even under the goal of clinical decision support [5], [14].
This project fills these gaps by providing a replicable Orange-based modelling pipeline, comparing 5 ML models via uniform criteria, and producing explanations via recognised XAI approaches in line with clinical laboratory indicators. It also makes explainability a primary deliverable instead of an optional add-on in line with the clinical trust requirements highlighted in CKD AI research [2], [11].
[bookmark: _TOC_250012]PROBLEM STATEMENT
CKD is often not diagnosed at early stages because early deterioration may not have obvious symptoms. Routine laboratory results may include early warning signs in them, however, clinicians may not always be able to be sensitive to minor multi-variable patterns across tests. While such patterns can be detected by ML models, it is hard to provide clinical justifications for black box predictions. Therefore, the challenge is to create an accurate CKD classification model based on routine laboratory indicators and to generate explainable outputs as to which laboratory variables influence which predictions to the greatest degree, to support transparent, early-risk identification and potential clinical decision support [2], [4], [5].

[bookmark: _TOC_250011]RESEARCH AIM AND OBJECTIVES

[bookmark: _TOC_250010]Research Aim

To develop and evaluate explainable machine learning models for the early prediction of chronic kidney disease, producing accurate classifications alongside explanations that support clinical understanding and decision-making.
[bookmark: _TOC_250009]Objectives
The project will:
1. Prepare and clean the Kaggle CKD dataset, transforming numeric variables to valid numeric formats and handling missing values appropriately for modelling.
2. Train and compare five ML classification models in Orange software using the “classification” column as the target variable (“ckd” vs “notckd”).
3. Evaluate model performance using AUC, F1-score, accuracy, precision, recall, and confusion matrices, ensuring fair comparison across models.
4. Apply explainable AI techniques to interpret global feature importance and local case- based explanations, emphasizing laboratory indicators as clinically meaningful drivers of risk, consistent with SHAP and explainability-focused CKD literature [4], [5], [6].
[bookmark: _TOC_250008]SCOPE AND LIMITATIONS
The scope is CKD binary classification with structured clinical laboratory and related indicators in one data set comprising 4000 records with 25 predictive features. The project will have a predictive performance and interpretability focus within a reproducible Orange workflow. 5 ML models will be evaluated with the same metrics and preprocessing, ensuring they are evaluated when using different models.
Limitation includes the size of the dataset, possible class imbalance, and unavailability of some data due to missing values, which may lower the generalisation. The dataset reflects one particular collection context (two months, India), and may not represent wider populations. Also, "early prediction" on this dataset is operationalized as early detection based on routine lab indicators rather than long-horizon longitudinal prediction [5], as some multicenter studies do with richer clinical histories [5], [9]. Finally, the project will not involve direct clinical deployment or prospective validation work but will be in line with explanation outputs and corresponding clinical interpretability expectations outlined in nephrology AI literature [14], [16].

[bookmark: _TOC_250007]METHODOLOGY

[bookmark: _TOC_250006]System Development Approach
An approach to iterative development adapting to the Agile principles will be used. The work-flow will go on for repeated cycles of data preparation, model training, evaluation and explainability assessment. This promotes progressive refinement of preprocessing choices (e.g. handling missing values), model hyperparameters and presentation of explanations. Iterative refinement is in line with the call for robust evaluation that is emphasised in CKD AI research [1], [3].
[bookmark: _TOC_250005]Tools and Technologies
The main development environment will be Orange, data processing, model training, evaluation, and visualisation. Orange allows rapid prototyping, the use of transparent pipelines and the comparison of the models provided through homogenous widgets. The dataset is taken from Kaggle ("Chronic Kidney Disease dataset") and it contains numeric and categorical variables with "classification" as a target. Explainability outputs will rely on model interpretation functions available in Orange, where suitable, the project will follow explanation reporting in accordance with the well-used XAI concepts such as feature contribution reasoning that is central to SHAP-based CKD work [4], [5].
[bookmark: _TOC_250004]Requirements Analysis
Functional requirements (import the CKD data set, cleaning & transforming features, training & testing data & features, training five machine learning classifiers, making performance metrics & explainability outputs on the whole dataset & at the individual-patient level). The system should provide the means for comparing models under uniform conditions, and for providing interpretable summaries of meaningful laboratory indicators of influence.
Non-functional requirements such as reproducibility (i.e., fixed random seeds, and documented workflow), transparency (i.e., pipeline steps), usability (i.e., outputs that are readable for non-technical clinical audiences), and reliability (i.e., stable performance reporting with cross-validation) The explainability component needs to be understandable and consonant with clinical reasoning expectations explained in explainable CKD research [2], [3].

[bookmark: _TOC_250003]System Architecture
[image: ]The architecture is a pipeline-based decision support prototype that has five main layers; data ingestion, preprocessing, modelling, explainability and evaluation/reporting.









Figure 1: System architecture for explainable CKD prediction using laboratory indicators
Description:
The dataset is ingested into Orange, then cleaned (numeric columns make sure they're numeric types and missing values are processed with the strategy of choice i.e. removing rows that contain missing values, as consistent with the eating plan's asserted cleaning strategy, or alternative imputation strategies as will be justified during development). Then, five classification models are trained. Probability scores for CKD risk and predicted class labels are outputs. Evaluation calculates the AUC and F1 as primary quantifiers, which is supported by accuracy, precision and recall and confusion matrices. Finally, explainability generates global importance rankings and case-level explanations, allowing to find important laboratory indicators driving each prediction, in line with the explainability goals highlighted in CKD research [4], [6].
[bookmark: _TOC_250002]Data Collection Method
The project is done with secondary data: it is the Kaggle CKD data from the UCI CKD dataset source. It includes 4000 rows and 25 features such as laboratory indicators, clinical features with a binary classification label. Data collection is thus already done and the research will deal with data preparation, modelling, evaluation and explainable interpretation. This is in line with a common pattern in CKD AI research with the use of retrospective datasets to develop and validate predictive tools and only after consider broader deployment [5], [9], [12].

EXPECTED OUTCOMES AND IMPACT
The expected deliverable is an explainable CKD prediction prototype that is able to combine into "ckd" or "notckd" classes routine laboratory indicators of patients and explains those predictions in clinically interpretable terms. The outcomes include:
· A reproducible workflow for Orange implementing data cleaning, training using five models and standardized evaluation.
· A comparative analysis of the models that yield the best compromise between their performances and interpretability, supporting the "explainable AI" requirement emphasised in CKD forecasting research [2], [3].
· Explanation outputs to illuminate critical laboratory indicators that contribute to CKD classification that are in line with SHAP-focused CKD risk prediction literature and general nephrology AI adoption needs [4], [14].
Impact includes better understanding of the role of routine lab indicators to assist in early detection of CKD and the use of explainable models as decision support aids. This fits into the general direction of AI-enabled nephrology and clinically credible decision support systems, such as real-time and cloud-based explainable frameworks [11], [20]. In future work this prototype could be extended to multicenter datasets or to extension of progression and complication risk modelling, as is done in progression and outcome prediction research in CKD [5], [9], [12].
[bookmark: _TOC_250001]PROJECT TIMELINE
A simple 10-week plan is presented to cover development, evaluation, and reporting.

	Week
	Activities

	1
	Finalize proposal, confirm dataset schema, define evaluation protocol and
explainability outputs [1], [14]

	2
	Data cleaning in Orange, numeric conversion, missing value strategy selection

	3
	Baseline modelling with two initial classifiers; initial metric reporting

	4
	Train remaining models to reach five-model comparison

	5
	Cross-validation setup, performance tuning, metric stability checks

	6
	Explainability implementation: global feature influence reporting aligned with
XAI aims [2], [4]

	7
	Local explainability: patient-level reasoning and interpretation narrative design [3],
[5]



	8
	Comparative analysis write-up: model performance vs interpretability trade-offs

	9
	Finalize architecture diagram and results visuals; integrate discussion with CKD
AI literature [6], [9], [16]

	10
	Full report completion, proofreading, supervisor submission package
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