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Abstract— This paper introduces a supervised learning approach for constructing decision trees in clinical diagnosis. The
primary aim is to develop an efficient classification model with a balance of high recall and moderate precision to enhance
the effectiveness of disease prediction. Utilizing the 1D3 algorithm for decision tree construction, the final model is evaluated
using standard assessment methods. This model offers valuable insights into leveraging clinical data, particularly aspects often
overlooked by existing techniques focused solely on high precision. Experiments conducted on diabetes and coronary heart
disease datasets from the UCI repository demonstrate the decision tree's effectiveness in classification tasks. Based on these
findings, we conclude that decision trees are well-suited for addressing disease prediction challenges and recommend their
adoption in similar classification problems.

l. INTRODUCTION

With the rapid advancement of information technology and communication, various industries generate a substantial amount
of data daily. However, raw data alone often fails to yield actionable insights, necessitating the extraction of hidden patterns
from large datasets effectively. Data mining, the process of uncovering interesting patterns or knowledge from vast data, plays
a crucial role in the data discovery process. It transforms a plethora of data into actionable insights, making it a fundamental
step in data exploration. Data mining has emerged as a powerful tool for analyzing data from diverse perspectives and
converting it into meaningful and actionable information [6].

Data mining finds wide application across various domains including clinical diagnosis, education, banking, and fraud
detection. Classification, a supervised learning approach, involves prediction and categorization tasks in data mining, aimed at
extracting patterns describing data classes or forecasting future data trends. The classification process comprises two stages:
the learning phase, where training datasets are analyzed using classification algorithms to generate a model or classifier
represented as classification rules or models, and the application phase, where the model is utilized for classification, and test
datasets are used to evaluate the accuracy of classification rules [4].

In the realm of data mining and analysis, decision trees play a significant role. Decision tree learning entails utilizing a large
set of training data to construct a decision tree that accurately categorizes the training data itself, with the expectation that it
will also classify new data effectively. Decision trees vary across several dimensions such as splitting criteria, termination
rules, branch condition (univariate, multivariate), branch growth style, and type of resulting tree. Recently, decision tree
reasoning has gained popularity in clinical research, particularly in disease diagnosis. An example of clinical decision tree
application involves diagnosing a disease based on observed symptoms, where the decision tree's classes may represent distinct
clinical subtypes or different treatment options for patients with a particular condition.

. CLASSIFICATION

Classification is the process of discovering a model or function that describes and distinguishes data classes and concepts,
enabling the model to predict the classes of items whose class labels are unknown. Data classification involves a two-stage
process: the learning phase, where a classifier is developed to describe a predetermined set of classes or concepts by analyzing
the training set comprising data tuples and their associated labels [2]. In the subsequent phase, the model is applied for
classification by initially assessing the predictive accuracy of the classifier established during the learning phase, using test
data. Classifier accuracy on a given test set of tuples is the proportion of tuples accurately classified by the classifier. If the
accuracy exceeds a certain acceptable threshold, the classifier can be utilized to predict future tuples whose class labels are
unknown.

Classification, a form of data analysis, is utilized to construct models describing large data classes. It is a fundamental technique
in data mining and finds applications in various domains such as pattern recognition, disease detection, customer relationship
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management, and targeted marketing. The objective of classification algorithms is to construct a model from a large set of
training data whose target class labels are known, subsequently utilizing this model to categorize unseen instances [3].

Classification is one of the most common and widely used data mining techniques, involving the mapping of data into
predefined groups or classes. It is often referred to as supervised learning since the classes are predetermined before analyzing
the data. The process of classification aims to develop a model that distinguishes data classes, enabling the model to predict
the class of items whose class labels are unknown. The efficacy of the learned model relies on the analysis of a substantial
amount of training data. Datasets contain hidden information that can be leveraged for informed decision-making.

Developing accurate and efficient classifiers for large databases is a fundamental task in data mining and Al research. A wide
range of classification methods have been proposed, including Decision Trees, Naive-Bayesian techniques, Neural Networks,
Logistic Regression, Support Vector Machines (SVM), and K-Nearest Neighbor, among others.

1. METHODOLOGY

At the present time, clarified about Decision Tree procedure structure model for clinical infection grouping issue.
3.1 Decision Tree Classifier

The decision tree methodology is a widely utilized data mining technique for constructing classification systems based on
various covariates or for developing prediction algorithms for a target variable. This approach segments a population into
branch-like segments that form an inverted tree structure with a root node, internal nodes, and leaf nodes. Being non-parametric,
the algorithm can efficiently handle large, complex datasets without imposing a complicated parametric framework [1].

Decision trees represent their classification information in a tree structure, where each internal node performs a test on a feature,
leading the instance down one branch if the test is satisfied and down another branch if it fails. To classify an instance, one
starts at the root node and follows the path dictated by the feature tests until reaching a leaf node, which represents a decision
or classification [4].

The process of constructing a decision tree involves two stages: tree building and pruning. During the tree building stage, a
breadth-first recursive algorithm is employed to select portions of the training data and construct a decision tree until each leaf
node corresponds to the same class [5][6]. Subsequently, in the pruning stage, the remaining data is utilized to evaluate and
correct errors in the generated decision tree, ultimately refining the tree structure until an accurate decision tree is constructed.
The decision tree construction algorithm is a recursive process, and pruning helps mitigate the impact of noisy data on
classification accuracy.

The decision tree building process is driven by information gain, which aims to maximize the "purity improvement" gained by
using features to partition the dataset. Consequently, information gain is utilized to select attributes for decision tree
partitioning, identifying the feature with the greatest information gain.

V. EXPERIMENTAL RESULTS

The analyses have been directed by utilizing R programming Language. R is a sophisticated statistical software package, which
provides new approaches to data mining, it is an open-source tool for analysis of data mining algorithms. The R Language is a
bundle for information characterization, grouping and representation. We have considered the Two UCI Machine Learning
Repository datasets [7], including heart disease and Pima Diabetes for assessing the productivity and adequacy of decision tree
calculation. The characteristic data information is consolidated in Table-1. The standard dataset is parceled into two sets one
for training (70%) and another set for testing (30%).

Table-1
Dataset Information
S. No Name of the Dataset No. of Attributes No. of Instances No. of Classes
1 Heart Disease 13 270 2
2 Pima Diabetes 9 768 2

To approve the expectation consequences of the decision tree arrangement and the 10-overlap hybrid approval is utilized. The
k-overlap hybrid approval is normally used to lessen the mistake came about because of irregular examining in the correlation

Page | 35



International Multispecialty Journal of Health (IMJH)
SV University, Tirupati

ISSN: [2395-6291] [Special Issue Vol-10, Issue-5, May- 2024]

of the exactness’s of various forecast models. The current investigation partitioned the information into 10-folds where 1-
crease was for trying and 9-folds were for preparing for the 10-overlap hybrid approval.

The performance of a chosen classifier is validated based on accuracy. The classification accuracy is noted for two datasets of
decision tree classifier is taken in to account. The accuracy of two UCI data sets is presented in Table-2 and Accuracy of

decision tree are shown in figure-1.

Table-2
Performance of decision tree algorithm

Name of the Dataset

Accuracy

Heart Disease

93

Pima Diabetes

95

Accuracy

m Heart Disease
m Pima Diabetes

Figure-1: Performance of decision tree algorithm

From the figure-1, it tends to be seen that the decision tree calculation of precision on heart disease exactness is 93% and Pima

Diabetes exactness is 95%.

The experimental results of screen shots are shown in the figure-2 for heart disease and figure-3 for Pima Diabetes.
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Figure-2: Screen shot results of heart disease data
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Figure-3: Screen shot results of Pima Diabetes data

V. CONCLUSION

In various data mining and Al techniques, clinical datasets are accessible, and a significant aspect of clinical data mining aims
to enhance the accuracy and effectiveness of disease diagnosis. This study aims to demonstrate how classifying clinical data
from publicly available raw datasets assists physicians in reaching accurate diagnoses. Results indicate classification accuracy
of 95% for diabetes data and 93% for coronary heart disease data. Therefore, a decision tree classifier is recommended for
clinical diagnosis prediction to improve accuracy and performance.
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