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Abstract: Machine learning has the potential to transform healthcare by predicting diseases and recommending drugs based on the
symptoms. These systems have the potential to transform patient care by utilizing advanced algorithms, large datasets, and
interdisciplinary collaboration. In this research work, we focus on the ideas and potential outcomes of using machine learning
techniques for disease prediction and treatment recommendations. In this research paper we use machine learning (ML) techniques
where patients can quickly find out about the illness and the medication that can help treat it by simply describing their symptoms
they are experiencing. In this study we use XGBoost ensemble method for disease prediction and drug recommendation based on
symptoms and also do some comparative study with other techniques such as Random Forest, Decision Tree and SVM and found
that the accuracy of XGBoost is outperforming than other mentioned techniques.
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1. Introduction

The global healthcare system is confronted with an escalating demand for timely and accurate disease diagnosis,
particularly as non-communicable diseases, infectious outbreaks, and multimorbidity continue to strain clinical
infrastructure worldwide. In many low- and middle-income countries, a chronic shortage of qualified medical
personnel exacerbates delays in diagnosis and treatment initiation, resulting in adverse patient outcomes and increased
systemic costs [4]. The integration of intelligent, data-driven technologies into primary care workflows represents a
compelling strategy for bridging this diagnostic gap.

Machine learning has seen massive growth and applications in a wide variety of fields in recent times, especially
in the healthcare sector. Effective healthcare delivery depends on machine learning models' ability to accurately and
early predict diseases [4]. However, a lack of medical professionals frequently causes delays in diagnosis and
consultation. In this due consideration, machine learning has been shown to be a promising method for medical data
analysis and predictive diagnostics [5].

Recent advances in machine learning have produced models that can forecast the illness based on user provided
symptoms [6]. However, these models employ low-accuracy traditional machine learning algorithms like Random
Forest, SVM, Decision Tree etc [7],[12],[20]. Furthermore, these models simply focus on disease prediction and do
not implement diagnostic test recommendations that are crucial for verifying medical conditions. In this study, a
Disease Prediction and Drug Recommendation system is intended to address this issue [11]. The system makes use of
ensemble learning algorithms like XGBoost, which are trained on publicly accessible symptoms-disease datasets.

The suggested system will provide a scalable, easily comprehensible, and accessible way to make decisions
that will support early healthcare interventions [10]. This work is a step toward improving efficiency, accessibility,
and preventive care in today's healthcare systems by fusing diagnostic guidance with predictive analytics.
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This research addresses these limitations by proposing an integrated Disease Prediction and Drug
Recommendation (DPDR) framework that leverages XGBoost as the core classification engine, complemented by a
rule-based drug recommendation module. The system is designed to be accessible to non-specialist users: a patient or
healthcare worker inputs observed symptoms via a structured interface, and the system outputs both a predicted disease
label and an associated list of recommended medications. The framework is evaluated on a publicly available, multi-
disease Kaggle dataset and benchmarked against three widely studied baseline classifiers.

2. Review of Literature

Over the past years, the use of machine learning (ML) techniques in healthcare has grown dramatically, enabling
improved disease prediction, diagnosis, and clinical decision support. Early attempts by Kononenko [7] addressed the
challenges of integrating intelligent systems in healthcare while discussing the history of ML and its potential for
medical diagnosis. The transformative potential of machine learning (ML) in medicine was further emphasized by
Deo [10] and Wiens and Shenoy [11], who highlighted the capacity to process large-scale electronic health records
(EHRs) for predictive analytics.

The application of ensemble learning techniques, particularly decision tree-based models, for disease prediction
has been the subject of numerous studies. Since its introduction by Breiman [2], Random Forests has gained a lot of
popularity because of its robustness, interpretability, and confidence estimates when working with high-dimensional
data [13]. Chen and Guestrin [1] discuss how gradient boosting techniques, and XGBoost in particular, have
demonstrated exceptional scalability and power in numerous domains. The theoretical foundations of gradient
boosting were formalized by Friedman [3], who offered a framework for iterative function approximation with a
minimization of predictive error. This idea has been heavily utilized in modern healthcare applications.

Recent studies have shown how ML algorithms can be used to identify diseases. Chen et al. [4] and Rajkomar
et al. [5] talked about big data predictive modeling and the value of EHRs for illness prediction. Beam and Kohane
[6] emphasized the significance of using large-scale data to extract information from clinical data, and Caruana et al.
[8] created comprehensible models to predict pneumonia and hospital readmission risk, demonstrating the necessity
of interpretable machine learning in clinical decision making. According to Wang et al.'s review [9], one of the crucial
uses of ML in healthcare intervention guidance is clinical decision support systems (CDSS).

Numerous surveys and comparative studies have been conducted specifically on the use of machine learning
for disease prediction. A number of algorithms were reviewed by Agrawal and Choudhary [14], Shanmugam et al.
[15], and Pingale et al. [19], with an emphasis on XGBoost, Random Forests, Support Vector Machines (SVMs), and
hybrid models for precise disease detection. A popular dataset from the UCI repository was made available for
benchmarking and reproducibility by Dua and Graff [16]. In a similar vein, Kourou et al. [12] examined the use of
machine learning techniques in cancer prognosis and demonstrated the predictive capacity of ensemble techniques.
These results were enhanced by more recent studies [20]-[24] that used multi-disease prediction in conjunction with
a combination of symptom-based features and ensemble classifiers for improved performance.

In particular, XGBoost has emerged as a state-of-the-art algorithm for disease recognition tasks. According to
multiple studies [1], [21], and [22], its gradient boosting framework supports the use of skewed data and complex non-
linear relationships by outperforming traditional classifiers. Ensemble and hybrid approaches of XGBoost in
conjunction with other machine learning models have demonstrated increased accuracy and decreased false positive
rates in the prediction of heart disease [25]-[28]. The superior predictive power of XGBoost and its computational
efficiency are also confirmed by comparative studies of ML models in the healthcare industry [29], [30].

Patel and Singh [24] implemented a symptom-based disease predictor using a Random Forest baseline and
noted significant accuracy improvements when transitioning to boosted ensemble methods. Gomathy [23] further
confirmed the clinical potential of symptom-driven ML models, particularly for conditions with well-defined symptom
profiles. These findings collectively motivate the adoption of XGBoost as the primary classification engine in the
present work.

In summary, research has shown that machine learning, especially XGBoost, is useful for both clinical decision
support and disease prediction. Early diagnosis, resource allocation, and patient outcomes can all be improved by
integrating these models with intelligent systems for test recommendations. With the predictive power of XGBoost on
patient datasets, this collection of works provides a solid basis for developing an automated Disease Recognition and
Test Recommendation System.

Research Gap in Existing Work:



Despite the growing body of work on ML-based disease prediction, several gaps remain. First, the majority of
existing systems treat disease prediction and drug recommendation as independent modules without a unified end-to-
end pipeline [11]. Second, comparative evaluations often employ limited baselines and do not systematically assess
the added value of ensemble methods over individual classifiers. Third, the clinical interpretability of predictions a
prerequisite for practitioner adoption is frequently overlooked. The present work addresses these gaps by delivering
an integrated prediction recommendation pipeline, a rigorous comparative evaluation, and a discussion of XGBoost
feature importance as a mechanism for clinical transparency.

3. Dataset and Methodology
Dataset :

The datasets that were utilized in this research work are accessible publicly on Kaggle. The dataset consists of
mapping between diseases and their symptoms. The dataset consists of more than 40 diseases and their symptoms.
There are about 5300 instances of data in the dataset. The dataset contains nominal data having disease name and
symptoms.

Preprocessing is necessary to reduce noise and boost model reliability. Since the dataset consists of categorical
data, it is converted to a binary feature vector where each symptom is represented by a value of 1 when it appears and
0 when it does not. Preprocessing also includes missing value processing and feature selection, which removes unusual
and unnecessary features.

Data Processing: Effective preprocessing is a critical precondition for achieving high model performance on
heterogeneous clinical datasets. The preprocessing pipeline implemented in this study comprises four principal stages:
missing value handling, categorical encoding, feature vector construction, and feature weighting.

Missing value handling addresses null entries in symptom fields by treating their absence as a meaningful
negative indicator. Each symptom field is assessed independently; a null entry is interpreted as the non-presentation
of that symptom rather than as a data quality issue, which is clinically appropriate given the symptom-reporting nature
of the data.

Methodology:

In this research work an ensemble technique is applied to classify patient diseases based on their symptoms.
Ensemble models have been developed to improve any predictive model's prediction accuracy. An ensemble model is
combining trained classifiers, such as decision trees or neural networks, to create a highly accurate and robust
predictive model [17]. The prediction from each classifier is integrated to create a novel model that is more accurate
than any model based on a single classifier. Regression and classification are two machine learning problems that
frequently use the ensemble [18]. Two widely utilized techniques in regression ensemble analysis are bagging and
boosting.

Boosting is an ensemble machine learning strategy that builds a highly accurate strong model by successively
combining several weak models, often simple decision trees [3]. Every subsequent model in the series is specially
taught to fix the mistakes produced by its predecessors.

In Boosting each training set is given a boosting weight (Han et al., 2012). Depending on their weight, the
training tuples may be chosen more than once. If a tuple is incorrectly identified, its weight is increased and it is
referred to as a weak learner. These weights are then used in the subsequent round to provide training examples that
improve the model's accuracy. Tuples lose weight if they are accurately classified. The classification accuracy of tuples
is determined by the weights of the training tuples. concentrating on the weights that were incorrectly classified in the
prior round. This is the fundamental concept of boosting [1].

Extreme Gradient Boosting (XGBoost) is a powerful ensemble machine learning technique that employs
gradient boosting over decision trees to enhance the predictive performance of model [1]. XGBoost has become a
popular choice for disease prediction systems due to its capability to manage missing values, minimize overfitting
through regularization, and capture complex nonlinear relationships among clinical variables [31]. Mathematically,
the prediction can be represented as shown in equation 1:
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where:



= predicted output , f,,= kth decision tree and K= total number of trees.

To analyse the healthcare data, XGBoost can identify patient demographics, laboratory results, lifestyle factors,
and medical histories to identify patterns associated with disease occurrence. The algorithm provides high
classification accuracy while maintaining computational efficiency, making it suitable for large-scale medical datasets.
Additionally, its feature importance mechanism helps clinicians identify significant risk factors contributing to disease
development, thereby supporting early diagnosis and preventive healthcare interventions.

System Architecture in this paper, we propose a framework that uses machine learning and ensemble learning
algorithms such as XGBoost to classify patient diseases based on their symptoms as depicted in figure 1. In order to
increase the model's efficiency, the dataset, which includes several diseases along with their symptoms, was gathered
and processed using this method.

Depending on the patient's symptoms, this model can predict multiple diseases. Additionally, the symptoms are
measured to improve the model's accuracy. In order to predict the machine learning model about the disease, the user
inputs the symptoms, which are then fed into the model and the model recommends the proper medical test to be
performed in order to confirm the predicted illness. The XGBoost algorithm is used to predict the illness.

Research Flow for Disease Prediction and Drug Recommendation with XGBoost

Input Data
[ (Patient Records, Lab Results, Demographics)
4

(Data Cleaning, Feature Engineering,
Normallzatlon Imputatlon)

L,» Data Preprocessing J

[ D{E Data Partltlomng /
¥ 80%, \20% o=
[ Training Data Q/ ¥Z>[ Testihg pata |

¥
&ﬁb Ensemble Model
(XGBoost Training)

Trained MOQ 3
Evaluation Sl‘Application Drug A 500mg
s,%bss.?:;“;;;?e * * iy 100
" e Disease Prediction ] [ Drug Recommendation % Drug B1 Omgg
J (Diagnostic Output, Probability) \CD (Medication, Dosage) %) |

Fig 1: Aresearch flow for disease prediction and drug recommendation using XGBoost technique.

The proposed framework consists of some major phases: data collection, data preprocessing, model training
and testing, disease prediction, drug recommendation, and performance evaluation. The framework utilizes the
Extreme Gradient Boosting (XGBoost) algorithm to develop an efficient and accurate healthcare system.

In the symptom input module, the user provides a list of observed symptoms through a structured interface. The
input is validated against the system's symptom. This vector is passed to the trained XGBoost classifier, which outputs
a probability distribution over all 41 disease classes. The class with the highest posterior probability is designated as
the primary prediction, and the top-three most probable diseases are reported with associated confidence scores to
support clinical deliberation.

The drug recommendation module receives the predicted disease label and performs a lookup in a curated
recommendation database that maps each of the 41 diseases to a list of first-line and second-line pharmacological
interventions. The database is constructed from standard pharmacological references and clinical guidelines, and each
drug entry is annotated with its generic name, drug class, primary indication, and standard dosage guidance. The
module retrieves the top five recommended drugs for the predicted condition, together with a brief indication note.

The output module consolidates the predicted disease label, confidence scores, and drug recommendations into
a structured report suitable for display on a clinical interface or for export to an EHR system. Where applicable, the
report includes a brief explanation of the most influential symptoms contributing to the prediction, derived from



XGBoost's native feature importance scores. The drug recommendation component employs a knowledge-driven rule-
based architecture in which each disease-drug mapping is defined by a clinical expert review of standard treatment
guidelines.

4. Experimental Work

XGBoost is an ensemble learning technique used to increase the accuracy of the model. Several weak models
are combined into one strong model using the ensemble learning technique [1]. To improve the model's performance,
XGBoost sequentially integrates decision trees as its base learners. Boosting is the process of training trees one after
the other to correct the errors of the previous tree [3]. By minimizing a regularized objective function, it builds additive
decision trees in a sequential manner. The mathematical representation is shown in equation 2.
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Where | is the loss function and Q(f k) is the regularization term.

Disease Prediction: The system converts the input into a binary feature vector and sends it to the trained model
after the user inputs the symptoms via the interface. The highest likelihood disease and the corresponding probability
scores are provided by the classifier, which also provides an estimate of confidence. Fig.2 illustrates the disease
prediction interface of the proposed system. Based on the patient symptoms, the XGBoost model predicts the most
probable disease category.
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Fig 2: Disease prediction using XGBoost technique.

Drug Recommendation: The rule-based mapping module recommends relevant diagnostic tests that are
associated with the predicted disease. This mapping ensures significant clinical recommendations and is based on
traditional medical sources. After disease prediction, the system retrieves appropriate medications from the
recommendation database. Fig. 2 shows the recommended drugs corresponding to the predicted disease.

Performance Evolution: Accuracy, precision, recall, and F1-score are the standard classification metrics used
to evaluate the model's performance. To ascertain the accuracy of the classification to different disease classes, the
confusion matrices are also examined.

The following equations 3, 4, 5 and 6 are shown that how we can get accuracy, precision, recall, and F1-score:
©)
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Where TP is True Positive, TN is True Negative, FP is False Positive and FN is False Negative.

Comparison with Existing System: Table 1 compares and displays the disease accuracy rate of the various
models currently in use such as Random Forest, Decision Tree and SVM. The suggested model outperformed
traditional machine learning models with an accuracy of 91.28, precision of 90.85, recall of 91.02 and F1-Score of
90.93. It shows in Fig 3 that the proposed technique can detect the illness more precisely than previous techniques.

Table 1: Comparative analysis of various models with a model using XGBoost.

Model Accuracy Precision Recall F1-Score
Random Forest 88.76 87.92 88.14 88.03
Decision Tree 82.45 81.30 80.95 81.12
SVM 85.64 84.91 85.32 85.11
Proposed Model (XGBoost) 91.28 90.85 91.02 90.93
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Fig 3: Comparative analysis of various models with a model using XGBoost.

The accuracy of 91.28% achieved by the proposed XGBoost model compares favourably with related symptom-
based disease prediction studies. Keniya et al. [21] reported accuracies ranging from 82% to 90% across multiple ML
algorithms on similar Kaggle-derived datasets, with XGBoost achieving 89.4% without the feature weighting and
hyperparameter optimisation employed in the present work. Parshant and Rathee [22] reported 90.1% accuracy for
their ensemble-based multiple disease prediction system, which our model surpasses by 1.18 percentage points. Patel



and Singh [24] reported 86.3% accuracy using a Random Forest baseline, consistent with the 88.76% achieved in our
Random Forest baseline experiment.

The integration of a drug recommendation component distinguishes the proposed framework from the majority
of existing symptom-based prediction studies, which typically provide disease labels without treatment guidance. This
integrated design aligns with the broader trend toward end-to-end clinical decision support systems advocated by
Wang et al. [9] and Sutton et al. [31], and constitutes a meaningful step toward clinically deployable healthcare Al.

Confusion Matrix: A confusion matrix table, which contrasts the various model's projected values with the
actual ground-truth values, is used to assess the performance of a classification machine learning model. This allows
one to see precisely where the algorithm is performing well and where it is failing. In this research work models such
as Decision Tee, SVM, Random Forest and XGBoost are shown in figure 4(a), 4(b), 4(c),& 4(d) respectively.

This matrix visually illustrates the relationship between the actual disease classes and the predicted disease
classes. In the matrix, the rows correspond to the actual class labels, while the columns represent the predicted class
labels.

Confusion matrix analysis was performed for all four classifiers across the 41 disease classes. The XGBoost
confusion matrix demonstrates a strongly diagonal structure, indicating consistent correct classification across the
majority of disease categories. The most frequent misclassification patterns observed in the XGBoost model involve
disease pairs with highly overlapping symptom profiles, specifically: (i) fungal infection versus allergy, which share
symptoms of itching and skin rash; (ii) common cold versus influenza, which share rhinorrhoea, fatigue, and fever;
and (iii) gastroenteritis versus peptic ulcer disease, which share vomiting and abdominal pain.

By contrast, the Decision Tree confusion matrix shows substantially higher off-diagonal density, with frequent
confusions between conditions in the same organ system. The SVM matrix reveals systematic confusions among
minority disease classes, reflecting the model's bias toward high-frequency categories. Random Forest shows
intermediate performance, with confusion patterns qualitatively similar to XGBoost but with higher error rates,
particularly for rare diseases.

These confusion patterns suggest that incorporating symptom duration, severity gradations, and temporal
dynamics features not currently available in the Kaggle dataset could substantially reduce inter-class confusion and
improve prediction accuracy for ambiguous symptom presentations.

ctar Machine Canfusian Matrix

Fig 4 (a): Confusion Matrix of Decision Tree. Fig 4 (b): Confusion Matrix of SVM.



Fig 4 (c): Confusion Matrix of Random Forest. Fig 4 (d): Confusion Matrix of XGBoost.

5. Conclusion

This paper presented a comprehensive framework for disease prediction based on symptoms using machine
learning and ensemble learning techniques. A structured symptoms-disease dataset from publicly accessible healthcare
repositories was used to train XGBoost. The experiment's findings demonstrated that the XGBoost model had the best
classification accuracy due to its regularization and gradient boosting optimization features, as well as strong
generalization performance and resistance to overfitting.

To improve the model's predictive performance, preprocessing techniques like label encoding, feature
weighting, and structured feature representation were used prior to model training. The models were able to consider
the relative importance of the primary symptoms in order to diagnose the illness thanks to the weighted symptom
features. Compared to traditional standalone classifiers, the ensemble approach increased stability and predictive
power by utilizing the strengths of multiple decision-tree based learners. As per the comparative analysis it is found
that the XGBoost ensemble model outperforms other conventional technigues such as Decision Tree, Random Forest,
and SVM with higher accuracy of 91.28, precision of 90.85, recall of 91.02 and F1-Score of 90.93.

In addition to the disease classification, the suggested system included a rule-based medical test
recommendation system that links the predicted diseases to related diagnostic tests. The gap in forecasting and
practical medical advice is filled by this complementary integration. By combining structured rule-based reasoning
with ensemble learning, the framework was able to outperform and have better practical applicability when compared
to the existing symptom-based prediction models.
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