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Abstract—Performance of decision trees is assessed by prediction accuracy for unobserved occurrences. In order to generate optimised
decision trees with high classification accuracy and smaller decision trees, this study will pre-process the data. In this study, some decision
tree components are addressed and enhanced. The algorithms should produce precise and ideal decision trees in order to increase prediction
performance. Additionally, it hopes to create a decision tree algorithm with a tiny global footprint and excellent forecast accuracy. The
typical decision tree-based technique was created for classification purposes and is used with various kinds of uncertain information. Prior to
preparing the dataset for classification, the uncertain dataset was first processed through missing data treatment and other uncertainty
handling procedures to produce the balanced dataset. Three different real-time datasets, including the Titanic dataset, the PIMA Indian
Diabetes dataset, and datasets relating to heart disease, have been used to test the proposed algorithm. The suggested algorithm’s performance
has been assessed in terms of the precision, recall, f-measure, and accuracy metrics. The outcomes of suggested decision tree and the standard
decision tree have been contrasted. On all three datasets, it was found that the decision tree with Gini impurity optimization performed
remarkably well.

Keywords-Gini impurity optimization, decision tree, Uncertainty Estimation, Balanced Dataset.

I. INTRODUCTION uncertainty in datasets, followed by the development of three

Data mining is useful in a variety of industries, including decision tree Juggfsigor CIRERJJEation purposes.

medical, marketing, finance, power, banking, manufacturing,
and telecommunications. However, the data in these real-world
applications is unreliable, confusing, inconsistent, and noisy,
adding to the uncertainty. In addition, uncertainty emerges as a
result of missing or insufficient data. Because of the
ambiguities in the data, we have poor information, which
makes data mining activities more difficult. Handling these
uncertainties in data is a vital responsibility or task for a
decision-making system to perform intelligent data analysis and
make wise conclusions [1,2,3].

This paper identifies uncertain data analysis and provides
data mining models, i.e. classification decision-making systems
that employ decision tree models to address the aforementioned
uncertainties in categorical and numerical data classification.
The proposed research utilizes deep learning to handle
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When it comes to categorization and prediction, the decision
tree is the workhorse. The decision tree uses a tree
representation of the problem, where the class label is
associated with each leaf node and inner node displays
attributes of the tree, to reach a conclusionAn attribute or
characteristic is represented by the centre node of a decision
tree, a decision rule is represented by the branch, and the result
is represented by each leaf node[4,5,6,7]. The leaf node figures
out how to divide things apart according to their attribute
values. Partitioning the tree in a recursive fashion can be done
with a technique called recursive partitioning. For better
decision-making, use this flowchart-like framework. It's a
graphical representation, like a flowchart, that may be simply
understood and used to represent human thought processes.
The structure of a decision tree makes it intuitive to analyses
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the data it contains. It can be trained faster than the neural
network technique. The computing time for a decision tree is
inversely correlated with the number of records and
characteristics in the input data. A distribution-free (or non-
parametric) statistical technique is one that does not rely on a
certain distribution, such as the decision tree. Decision trees
are able to deal with high-dimensional data effectively [8].

This is the fundamental principle underlying any decision tree
algorithm:

1. Select the most relevant attribute using the Attribute
Selection Measures (ASM) to segment the data.

2. Create a decision node based on that property and use it to
partition the dataset.

3. Performs recursive procedure for each child node in the
tree until one of conditions is met, hence initiating tree
construction.

o0 Every tuple shares the same value for that attribute.
As of right now,

0 There are no accessible further attributes..

o No further instances exist.

The root node property is defined at each branch in the
decision tree, which is the main issue. It's common practise to
use the term "set of attributes" to describe this procedure.
There are two typical methods for choosing attributes:

(a) Knowledge Accumulation
(b) The Gini Index

(c) Gini Index,

a) Information Gain

When we divide the training using a branch in the decision
tree, the entropy shifts to reflect the new structure. Entropy
change may be measured via information gain. Entropy
quantifies the impure nature of a large number of occurrences
by measuring the fluctuation in a random variable. Entropy
increases as the information value increases. A decision tree
approach called ID3 (Iterative Dichotomiser) employs
information gain. [9,10,11].
Info(D)= - XiZ, pi log; pi

Pi is the likelihood that a D tuple belongs to Di.

Dj|

InfoA(D)=X}-; —

D]

X Info(Dj)

Gain(A)=Info(D)- Info,(D)

Where,
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The typical amount of information required to determine the
class label of a tuple is Info(D).

|Dj|/|D| acts as the weight of the jth partition.

Information that should be provided to insert a tupleinto one of
A's partitions of D is denoted by InfoA(D).

At node N (), we pick the attribute A with the biggest
information gain, Gain(A), to use as the separating
characteristic.

b) Gini Ratio:

Information gain is biassed for the characteristic with
numerous outcomes. It suggests that the property with a lot of
various possible values is chosen. Take the example of a
customer ID, which has zero info(D) owing to pure partition
and is a unique identification. Through excessive
segmentation, this maximises information acquisition. [12].

The gain ratio is an improvement over 1ID3 and an expansion
of the information gain employed by C4.5. The Gain Ratio
solves the issue of bias by employing Split Info to normalise
the information gain.

v D- D
Splitinfo, (D)= — 3 || [;|| «log, (Ilell)

j=1

Where,
|Dj|/|D| acts as the weight of the jth partition.

The total number of distinct values for Attribute A is
represented by v.

Gain ratio is defined as

Gain(A)

GainRatio(A) = ——2D
ainRatio(d) = 5 fo (D)

The characteristic with the largest gain ratio is chosen as the
splitting attribute.

C) Gini Index

The Gini Index is a statistic that determines how often a
variable is incorrectly defined at random. As a result, an
attribute with a lower Gini index can be selected.

In the CART (Classification and Regression Tree) decision
tree technique, split points are created using the Gini approach.

Gini(D)=1 — ¥/*, P’

Pi provides the likelihood that a tuple in D belongs to class Ci.

The Gini Index investigates a binary split for every attribute. It
is possible to determine a weighted sum of the impurities in
each division. When data D is split into D1 and D2 as a
consequence of a binary split on attribute A, the following is
the Gini index for data D:
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GiniA(D):% Gini(Dy)+ % Gini(Dy)

Discrete-valued properties are selected by selecting the subset
with the lowest gini index. When dealing with characteristics
that have continuous values, the method entails picking a
splitting point by comparing all possible splitting points
between pairs of neighbouring values and selecting the one
with the smallest gini index.

AGini(A) = Gini(D) — Ginia(D).
The splitting attribute is the one with the lowest Gini index.
Il. LITERATURE REVIEW

Classification learning for data streams is a hot issue. Data
streams' underlying concepts can change over time, requiring
rapid revisions to classifiers. Observing online classification
accuracy can detect idea change. If accuracy falls below a
threshold, a concept shift occurs. This methodology assumes
that a decline in categorization accuracy indicates a concept
shift. In reality, data streams often contain noise that reduces
categorization accuracy.How to handle missing values is
another categorization difficulty. How a learning model
classifies new instances with missing values and updates itself
is an unresolved topic. FlexDT introduces fuzzy logic to data
stream classification to overcome these difficulties. Threefold
benefits. First, FlexDT's flexible structure handles concept
changes effectively [13].

Author [14] proposed an Ant Colony Optimization-based
method for building decision trees (ACO). ACO is a
metaheuristic that draws inspiration from how actual ants
search for the best answers utilising local heuristics and prior
knowledge.Good results of ant colony methods for
combinatorial optimization problems imply their effectiveness
in building decision trees. To improve decision tree accuracy,
they devised the Ant Colony method (ACDT). A novel
algorithm's heuristic function uses CART's splitting rule .The
suggested approach is tested on many UCI Machine Learning
benchmark data sets. Empirical data suggest that ACDT
outperforms alternative approaches [15,16,17].

A sequential ensemble credit scoring model based on extreme
gradient boosting (XGBoost) was proposed by the authors
[18]. There are three steps to this process. The first step is data
pre-processing, which includes normalisation and handling of
missing values. Then, we utilise a model-based feature
selection technique to filter out the extraneous information.
Third, the XGBoost hyper-parameters are tuned in an iterative
fashion using Bayesian hyper-parameter optimisation.
Reference points for experiments might be things like hyper-
parameter optimisation strategies or default classifiers.
Bayesian hyper-parameter optimisation outperforms random,
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grid, and manual searches. The proposed model outperforms
the state-of-the-art on four different metrics: accuracy, error
rate, AUC-H, and Brier score. Improve your credit score with
the use of feature significance scores and a decision chart [18].

Campagner's paradigm for dealing with Machine Learning,
based on TWD and the trisecting-acting-outcome model (ML),
was developed in response to the challenges posed by
ambiguity. While TWD was used to let ML models sit on their
hands if their output was uncertain, it was primarily employed
to locate and properly account for uncertain occurrences in the
input. After highlighting the benefits of the three-pronged
approach, the authors gave a narrative analysis of the existing
condition of TWD applications with regard to the various
framework-identified areas of concern [19, 20].

Decision tree classifiers are regarded as the most popular
methods for representing classifiers in data. Many academics
from many fields and backgrounds have focused on the
problem of growing a decision tree utilising readily available
data, such as machine learning, pattern recognition, and
statistics. Decision tree classifiers have been proposed for
usage in a number of fields, including medical sickness
analysis, text categorization, user smartphone classification,
images, and many more. Also included are a thorough
examination and  explanation of the  datasets,
algorithms/approaches used, and outcomes of the article. All
of the investigated approaches were subsequently investigated
in order to further illustrate the authors' subjects and identify
the most trustworthy classifiers.As a consequence, the
applications of different dataset types are looked at, and the
outcomes are provided.[21][22].

Authors have [23] created decision trees using K-means
clustering. After clustering data into groups, it sorts data
within each cluster. Each cluster constructs one layer of the
tree. It applies depth growth constraint to restrict the size of
the decision tree [24]. The author claims that clustering
decision tree with a simple strategy provides better precision
and less computational complexity. Recently many researchers
used the clustering methods to build decision trees for large
data with various factors of construction and evaluation. These
algorithms aim making precise and comprehensible decision
trees and can be applicable for real-time applications [25][26].

Random Feature Weights Ensemble: Each property is given a
random weight from 0.0 to 1.0. By giving each characteristic a
merit value (the Gini index multiplied with random weights),
it creates a decision tree. The attribute with the greatest merit
value is then chosen as the splitting attribute. This approach
enables the creation of a random forest that is more versatile.
The drawback of the random feature weight approach is that
assigning positive weights to characteristics raises the
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likelihood that certain attributes will be chosen as the root
node. So many identical trees might grow and limit the forest's
variety. [27][28][29][30].

111.PROPOSED METHODOLOGY

In this research, a framework for uncertainty estimation and
handling using several strategies is given, as shown in fig.1.
Uncertainty estimation, uncertainty handling, optimal decision
tree, and performance evaluation are the four phases of the
framework. The raw dataset is first applied to the uncertainty
estimation phase, where deep learning models are utilized to
identify dataset uncertainty. If there is uncertainty in the
dataset, it is resolved during the uncertainty handling phase,
which employs a variety of strategies such as missing data
treatment and transformation techniques. After the data has
been cleaned, the next step is to classify it using a decision tree
classifier, which uses parameter optimization and impurity
optimization methods to get accurate results. The performance
of the algorithms is assessed in the following phase using
several accuracy metrics. For handling uncertainty, an
optimum strategy is identified based on various comparisons.
The flow chart of the entire process is shown in fig 1. The
algorithm is also discussed in the next section.

‘ Raw Data “ v—>‘1 Uncertainty Estimation ’

e “Ifdatais )
~_uncertain__—"

Yes

‘ Handle Uncertainty |

. “If missing
T_valuesexist_—""

No

Yes

[ K/Hssing Data
Treatment by replacer

|
‘ Perform Classification |

r 1 r 1
Normal Decision Tree (NDT) “ Optimal Decision Tree (ODT) ’

-

Parameter based | [ Ginil m;ﬂ?i;yiﬁ
oDT |  based ODT

“ Performance Performance | | Performance ’
| Evaluation Evaluation Evaluation |

| Compare & Identify the best DT
Algorithm

Figure 1.Flowchart of Decision Tree Optimization for Uncertainty handling

Algorithm
The algorithm for uncertainty handling is mentioned below.
The input is raw dataset in which uncertainty should be
identified and resolved if exists using different techniques. The
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output of algorithm is optimized method for decision tree
classification with different performance measures.

Algorithm: Optimized Algorithm for Uncertainty
Handling

Inputs: Raw dataset

Output: Optimal decision tree, Accuracy, Precision, Recall,
F-Score
1.Dataset collection

Df 2load dataset()
2. perform uncertainty estimation using neural network (NN)

Create NN architecture with dropout and without dropout
layer

Plot uncertainty on data
° model_without_dropout = architecture(layers_shape
=[5,10,20,10,5], input_dim= 1, output_dim=1,

dropout_proba=0, reg=0, act="relu’, v

erbose=1)

model_with_dropout = architecture(layers_shape=[5,10,20,1
0,5], input_dim= 1, output_dim=1,
dropout_proba=0.05, reg=0.00475, act="relu', verbose=1)
3. Pre-process dataset
4. if (missing data exists):
treat_missingData()
apply replacer()
Else:
Proceed cleaned_data()
5. Apply transformation techniques
ss = StandardScaler()
mm = MinMaxScaler()

ma = MaxAbsScaler()
ns = Normalizer(norm ="'12")

6. split dataset into train and test data with random state

7. Apply decision tree classifier

model = DecisionTreeClassifier()

8. Apply decision tree classifier with parameter optimization
clf = DecisionTreeClassifier(criterion="entropy", max_depth

:3)

9. Apply decision tree classifier with impurity optimization
. Calculate the GINI impurity for the provided binary
class observations.

. Calculating the chances about seeing each of the
classes

. Computing GINI

gini =1 - (plclass ** 2 + p2class ** 2)

. Compute the optimum split of a decision tree for
given “Xn” features and “Y” target.

. Generate dataset for split
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DataFrame = self.Xn.copy()
DataFrame ['Y'] = self.Y

o Attain the base input's GINI impurity

GINI_BS = self.get_ GINlimpurity()

o Determining which split produces the highest GINI
gain

Gain_max =0

o The default best feature, as well as a split

best_feature = None
best value = None
o GINI impurity weighted computation
Wt_GINI = Wt_left * gini_left + Wt_right * gini_right
o GINI gain computation
Gain_GINI = Base_GINI — Wt_GINI
o Checking to see whether this is the best split we've
seen thus far.
If Gain_GINI > Gain_max:
best_feature = feature
best_value = value
) Choosing the optimum gain for the current situation
Gain_max = Gain_GINI
10. identify the execution time , f-score, recall ,accuracy,
andprecision
e accuracy = accuracy_score
(y_tst, model.pred(x_test))
e precision = precision_score
(y_tst, model.pred(x_test))
e recall =recall_score

(y_tst, model.pred(x_test))
11. Perform comparison between results of different
transformation techniques
12. Perform comparison between base decision tree,
parameterized and impurity based decision tree
13. Perform comparison between with uncertainty results and
without uncertainty
14. Identify optimized algorithm for uncertainty handling

Gini Impurity Optimization

A machine learning technique known as the decision tree
algorithm (DT for short) is used to categorise an observation
given a collection of input features. The algorithm develops a
set of guidelines at different levels of decision making such
that a certain statistic is optimised. The "best" splits of the
numerical variables are to be produced. The feature matrix
will be labelled as X, and the target variable will be denoted as
Y =0 and 1. There are different parameters of decision tree
which can be used for optimization of results, such as node,
gini impurity, level and splitting.
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The node is the basic building block of a decision tree. When
looking at a standard decision tree schema (like the one in the
title picture), the rectangles or bubbles that connect to other
nodes downstream are called nodes.

The primary characteristics of each node are as follows:
Features of the node include:
e  The Gini impurity score,

e The number of observations, the number of
observations for each binary target class, and

e  The feature matrix X.
IV.DATASET AND EXPERIMENTAL SETUP
Datasets

There are three types of datasets are used in this thesis work.
Details of the dataset are presented as follows-

Titanic Dataset

Use the training set to create machine learning models. We
present the result—also referred to as "ground truth"—for each
passenger in the training set. Our model will be built on
"features” like passenger class and gender. Additionally, new
features may be created through feature engineering. The test
set should be used to evaluate how well our model works
when applied to novel data. We do not disclose the ground
truth for each passenger in the test set. It is our responsibility
to foresee these outcomes. Use the model we trained to
calculate the probability that each test set participant survived
the Titanic's sinking.

PIMA Indian diabetes dataset

This data comes from the National Institute of Diabetes and
Digestive and Kidney Diseases. The diagnostic indicators in
the dataset are meant to be used to make a diabetes diagnosis.
The criteria for selecting these specific examples from the
overall database were rather stringent. All of the patients at
this clinic are 21-and-up Pima Indian women. The datasets
each have one independent variable, outcome, and a number of
dependent, medical predictors.

Heart Disease Dataset

Even though this dataset contains 76 features, all published
studies employ only 14 of them as a subset of those attributes.
The Cleveland database, in particular, is the only one that
machine learning experts have used to date. The "target" field
shows whether or not the patient is suffering from heart
disease. It runs from O (no presence) to 4 (present) on a scale
of one to four (present).
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Datasets for the proposed research were gathered from a
variety of intenet sources and their number is shown in the
table 1 below :

Table 1: Datasets details

erroneously classified if it were randomly tagged in
accordance with the distribution of labels in the subset.

Table 2 Performance Evaluation of proposed method on different datasets

D’\T::jgt Quantity Training Data | Testing Data

Titanic 891 713 178
Heart Disease 304 243 61

PIMA 769 615 154

Experimental Setup

The suggested study is now being evaluated in Python using
machine learning and classification strategies. Scikit-learn
(Sklearn) is an efficient and powerful package for machine
learning algorithms in Python. Dimensionality reduction,
classification, regression, and clustering, among other
techniques, are all accessible via the Python interface. These
are all aspects of statistical modelling and machine learning.
Python is the language used to create this library. SciPy,
NumPy, and Matplotlib are the foundations upon which it
stands.

Evaluation Parameters

Accuracy and F-measure metrics are used to assess the
suggested approach. Accuracy in this context is defined as
labels that are correctly categorized, while F-measure refers to
average values computed from precision and recall. The
formulae listed below are used to calculate these metrics.

Accuracy = (TP+TN)/(TP+TN+FP+FN)
Precision = TP/(TP+FP)

Recall = TP/(TP+FN)

F-Measure= 2TP/(2TP+FP+FN)

where True Positive, True Negative, False Positive, and False
Negative correspond to the notation TP, TN, FP, and FN,
respectively. The accuracy and F-score measurement interval
lies between zero and one. Increased values improve the
efficacy of Twitter sentiment analysis. We use the Adam
optimisation concept, wherein training is used to get optimal
outcomes in opinion ranking.

V. Results and Discussions

A GINI impurity score is assigned to each node. The target
variable's distribution in the node, or only the number of Y=1
and Y=0 observations in a node, is all that is required to
compute the GINI impurity. Impurity in GINI is officially
defined as follows: Gini impurity quantifies the frequency
with which a randomly selected element from the set would be
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Method Metrics Titanic | PIMA | Heart
Decision Tree Accu.rallcy k) | 68 65 >4
+ Uncertainty Precision(%) | 39.54 11.08 | 37.89
Handling Recall(%) 42.74 12.46 | 43.01
F-Score (%) | 40.78 11.62 | 39.98
Decision Tree | Accuracy (%) | 73.8 76 82
+ Uncertainty | Precision(%) | 70.24 63.20 | 79.80
Handling + Recall(%) 74.49 60.02 | 74.00
Gini  Impurity
¥ IM F-Score(%) 72.26 62.92 | 77.79
Optimization

Performance evaluation of proposed methodology is shown in
table 2, in which Decision trees incorporating simple
approaches to dealing with uncertainty have been found to
produce only middling outcomes. An excellent outcome was
obtained by using a decision tree with Gini impurity
optimization. Optimal results in predicting coronary disease. It
has been demonstrated that a decision tree can be utilized to
maximize predictions made using the Gini impurity. The
prediction accuracy of classifiers is enhanced by a novel
method devised for the optimal decision tree.

VI. CONCLUSIONS

The suggested approach aims to raise the quality of
performance prediction and categorization by employing
decision tree and Gini impurity optimization. The
conventional decision tree-based method serves as a
classification tool and is applicable to a wide range of
unreliable data formats. The missing data treatment and other
uncertainty handling processes were applied to the uncertain
dataset to generate the balanced dataset before it was ready for
classification. The suggested technique has been evaluated
using data from three distinct real-time datasets: the Titanic
dataset, the PIMA Indian Diabetes dataset, and the heart
disease datasets. Evaluation parameters have all been used to
evaluate the effectiveness of the proposed approach. The
proposed optimal decision tree's outcomes have been
compared to those of the traditional decision tree. We
discovered that the decision tree optimized for Gini
impureness performed exceptionally well across all three
datasets.
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