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Abstract - Early detection of pediatric cancer remains a
significant healthcare challenge due to non-specific symptoms,
limited availability of annotated datasets, and delays in
clinical decision-making. This study presents a comprehensive
Agentic Artificial Intelligence framework designed for early
cancer detection in children below ten years of age. The
proposed system integrates multimodal medical data,
including clinical records, laboratory reports, and patient
history, to enhance diagnostic accuracy. Multiple intelligent
agents collaboratively perform key tasks such as data
preprocessing, feature extraction, classification, and result
interpretation. Several machines learning models, including
Support Vector Machine, Logistic Regression, Random Forest,
and XGBoost, are implemented and evaluated for performance
comparison. Experimental results indicate that the XGBoost
model achieves the highest accuracy of 93.68 percent along
with an improved F1-score, demonstrating its effectiveness for
early diagnosis. The framework also incorporates explainable
Al techniques to improve transparency and support clinical
trust in automated predictions. By reducing diagnostic delays
and enabling timely intervention, the proposed system
contributes to improved early-stage cancer detection in
paediatric patients. This work highlights the potential of
Agentic Al in advancing paediatric oncology diagnostics and
supporting precision healthcare solutions.
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1. INTRODUCTION

Paediatric cancer detection presents unique challenges
compared to adult oncology. Children often exhibit vague
and non-specific symptoms such as fatigue, fever, or mild
pain, which are frequently misinterpreted as common
illnesses. This often results in delayed diagnosis and reduced
survival ratesl®). With the advancement of healthcare
technologies, large volumes of medical data are now
available through electronic health records, laboratory
reports, and imaging systems. Artificial Intelligence (AI) has
emerged as a promising solution for analysing such complex
and heterogeneous data to support early diagnosis [571.

However, existing Al-based systems face several limitations,
including the inability to effectively integrate multiple data
sources, lack of adaptability, and absence of explainability

[13]. Most conventional models function as isolated systems
and generate predictions without providing clear reasoning,
thereby reducing trust [1014] among clinicians. To address
these challenges, this research proposes an Agentic Al-based
framework in which multiple intelligent agents collaborate
to process multimodal data and generate accurate as well as
interpretable predictions.

The proposed system aims to enhance early detection
accuracy, minimize false positives, and assist clinicians with
transparent and reliable decision-making tools.

1.1 DATASET DESCRIPTION AND PREPROCESSING

The dataset [16] used in this study consists of structured
paediatric medical data, including demographic attributes,
clinical symptoms, and laboratory measurements. Key
features include age, gender, weight, height, hemoglobin
levels, white blood cell count, platelet count, and
environmental exposure factors. Proper organization of data
before analysis is essential; therefore, the content should
initially be prepared separately before applying formatting.
Text and graphical elements should be handled
independently until the final formatting stage. Authors
should avoid unnecessary use of hard tabs and excessive line
breaks, and no manual pagination should be added, as the
template manages formatting automatically.

Data preprocessing plays a critical role in improving the
performance and reliability of machine learning models.
Several preprocessing steps were implemented to ensure
data quality and consistency. Missing values were handled
using mean and median imputation techniques. Numerical
features were normalized to maintain uniform scale across
variables. Categorical attributes were encoded into
numerical formats to enable model compatibility. Outliers
were detected and removed to prevent skewed predictions.
Additionally, feature selection techniques were applied to
retain only the most relevant attributes, thereby enhancing
model efficiency.

2. METHODOLOGY AND ML PIPELINE

The proposed system adopts a systematic machine learning
pipeline consisting of multiple stages to ensure accurate and
reliable predictions. Initially, patient data is collected from
clinical records and user input interfaces. The collected data
undergoes preprocessing, which includes data cleaning,
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normalization, and feature selection to improve data quality.
In the feature engineering stage, significant attributes are
extracted to enhance model learning capability.

Subsequently, multiple machine learning models such as
Support Vector Machine, Logistic Regression, Random Forest,
and XGBoost are trained using the processed [89 dataset. The
trained models are then evaluated based on standard
performance metrics to determine their effectiveness. Among
the evaluated models, XGBoost demonstrates superior
performance and is selected as the final model for
deployment. The system then generates real-time predictions
based on new input data. Additionally, explainable artificial
intelligence techniques are integrated to provide
interpretability and reasoning behind the model predictions,
thereby improving trust and usability [1313]in clinical settings.

Evaluation Metrics:

Accuracy is used to measure the proportion of correctly
classified instances among the total observations.
Accuracy = (TP + TN) / (TP + TN + FP + FN)

F1 Score is used to balance precision and recall, especially in
cases of imbalanced datasets.

F1 Score = 2 x (Precision x Recall) / (Precision + Recall)

2.1 SYSTEM DESIGN AND ARCHITECTURE
The system architecture consists of four main layers:

1. Data Layer - Collects patient data from multiple sources.
2. Preprocessing Layer - Cleans and prepares data.

3. Agent Layer - Includes Data Agent, Feature Agent,
Diagnostic Agent, and Explainability Agent.

4. Decision Layer - Generates predictions and
recommendations.
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Fig -1: System Architecture for Agentic Al-Based
Paediatric Cancer Detection

3. CONCLUSIONS

This section presents the performance evaluation of the
proposed machine learning models along with system
predictions based on real-time patient data inputs. The
comparison of models indicates that XGBoost outperforms
other algorithms in terms of both accuracy and F1-score.

From the experimental results, XGBoost achieves the highest
accuracy 0f 93.68% and an F1-score of 36.31%, followed by
Random Forest with 92.90% accuracy and 31.73% F1-
score. Linear SVM and Logistic Regression show
comparatively lower performance, both achieving
approximately 81.4% accuracy and 20% F1-score. This
demonstrates that ensemble-based models provide better
predictive capability for paediatric cancer detection
compared [78lto traditional models.

The system also supports real-time prediction using patient
medical inputs such as age, gender, laboratory values, and
clinical symptoms. Based on the provided sample input, the
model predicts “No Cancer” with a confidence score of
89.92%, indicating a low probability of cancer presence.
Additionally, Explainable AI (XAI) techniques are integrated
into the system to provide interpretability [124. The
explanation output indicates that the prediction is based on
the absence of strong cancer-related indicators in the input
data. It also emphasizes that the result is not a definitive
diagnosis and recommends further clinical evaluation,
thereby supporting responsible and informed medical
decision-making.

Overall, the results demonstrate that the proposed Agentic
Al framework effectively improves prediction accuracy,
supports real-time clinical usage, and enhances transparency
through explainable insights [3.10.11],

4. RESULTS

Model Performance Comparison

The chart compares different ML models. The system automatically selects the best performing model for predictions

Fig -2: Comparison of different ML models
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Fig -3: Comparison of different ML models in tabular form

Patient Medical Data

Age (Years) Gender Weight (kg)

3 Female v 12

Height (cm) Family History of Cancer Prenatal Radiation Exposure

14 Yes v No

Environmental Toxin Exposure Persistent Fever Unexplained Weight Loss

Yes v No v Yes

Bone Pain Frequent Infections Bruising or Bleeding
Yes v No v Yes

Fatigue Level White Blood Cell Count (cells/meL) Hemoglobin Level (g/dL)

Medium v 1200 5

Platelet Count (cells/mcL)

" 1000 :

Analyze & Predict

Fig -4: Prediction for cancer detection (Run time values)

Prediction; Cancer
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Fig -5: Prediction Output
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