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Data mining is concerned with revealing valuable patterns and insights out of big data sets,
and machine learning forms a critical part in streamlining this effort. In any supervised
classification task, decision tree algorithms become particularly beneficial since they
provide understandable models and can be used to evaluate the significance of features. This
paper assesses the work of YaDT as an example of a decision-making algorithm that uses
the famous Titanic dataset. Provided a stringent statistical analysis to explore how the model
behaves in different evaluation conditions. The findings reveal that YaDT builds a highly
organized decision tree with strong generalization abilities, hence showing high
classification ability. However, there was also a significant reduction in predictive reliability
in some classes with very limited amounts of predictable data, indicating poor
representation in the dataset. Additional evaluation of model performance using ROC
analysis, based on cross-validation results, demonstrated comparable discriminative ability.
Overall, it can be concluded that the findings favor the hypothesis that YaDT is a resilient,
interpretable classifier, and as such, it can be competitive with the alternative machine-

learning algorithms.
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1. Introduction

Detection and resolution of a problem will begin with a proper
connection to relevant information, data, and context [1]. Given
that statisticians or data analysts often lack domain-specific
expertise in the application area, collaboration with subject-
matter experts is essential to the knowledge-discovery process.
A formal, clear expression of a problem's characteristics,
accessible to non-statisticians, helps create a common
conceptual system among professionals from different fields

2.

In the context of data mining, classification is a supervised
learning paradigm where a category of prediction inferring the
categorical classification of new examples is done through a
collection of examples that have been previously labeled. The
difficulty is amplified by the occurrence of an imbalanced
dataset, where the number of times individual classes appear in
the dataset does not match the same number of times as the
other classes within the same sample. This phenomenon is often
seen in a wide range of practical settings: in financial analytics,
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a small percentage of the population of highly risky borrowers
can represent a small part of the dataset, whereas in educational
settings, most students are capable of achieving success, thus
creating a natural community of the majority. Such
discrepancies have been widely recorded in previous studies,
which highlights the fact that accurate forecasting of the
minority group may prove to be of utmost significance even in
a case where the group is underrepresented in the training
sample [1]-[3].

Exploratory data mining supports initial research-level
investigations by allowing analysts to examine datasets without
the constraints imposed by preconceived hypotheses. The
decision-making queries at the high level give the users the
ability to discover the emergent patterns and optimize their
analytical attention as new information is discovered [3].
Interactive exploration tools play an important role in
enhancing the analytical process through dynamic filtering,
variable emphasis, and hierarchical visualization of results.[4].
This exploratory facility counteracts the excess burden that is
inherent in defining the problem too narrowly at first.
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Academically, data mining is a paradigmatic case of an
interdisciplinary venture, relying on the methodologies of
statistics, the algorithms of machine learning, the cognitive
models of artificial intelligence, and the distributed systems of
cloud computing. Fundamental to this area of disciplinary
intersection is a keen understanding of the issue of security and
privacy, which should be infused into each phase of the data
lifecycle, including data acquisition and preprocessing, model
implementation, and post hoc auditing [5]. Decision Trees
(DTs) remain among the most popular data-mining methods
because they generate understandable, rule-based models, are
easily visualized, and can handle both numerical and nominal
variables [6]. Machine learning (ML) extends this capability by
building models that identify patterns from prior experience.
Since both ML and DM are based on many conceptual
similarities, it is normal to use them together, which in turn
would accelerate the process of knowledge discovery and
increase the accuracy of the analytical process. [7]. Without the
input of machine learning, as Zhou has noted, the data mining
world would be similar to a needle picking one needle in a
haystack.[8], Subsequent empirical studies have shown that
machine learning has significantly contributed to the
optimization of data mining techniques [9]. Specifically,
decision trees remain among the most studied and used data-
mining algorithms [10], primarily because they express learned
knowledge in a comprehensible way and support a wide range
of variable structures [11].

Based on this background, the purpose of the present work is to
use the already gained knowledge about decision trees to
develop a machine learning framework that could learn salient
features and classify the data using the YaDT (Yet Another
Decision Tree) algorithm.

1.1. Algorithm C4.5

The decision trees (DTs) are still among the most popular
machine learning paradigms studied within data-mining
courses due to their intuitive interpretability, their ability to
handle the heterogeneous data typologies, and their relatively
efficient training regimes, in comparison with other more
complex constructs like the artificial neural networks [5]. The
popularity of decision trees has therefore spawned a long
lineage of algorithms, including C4.5, and commercial
offshoots C4.8 (also known as J4.8) and C5.0. These versions
include advanced pruning heuristics designed to reduce
overfitting and thereby improve the model's generalization.
Exemplary algorithms: The most well-known error-adjustment
formalisms, such as pessimistic pruning, reduce the effects of
optimism bias on training data by balancing the risks associated
with individual tree nodes, thereby refining the tree structure
based on weighted errors on a case-by-case basis [12]-[15].
These developments encourage a consistent academic effort to
augment decision-tree strengths, especially in the presence of
noisy or incomplete data, a challenge for which Abe [16] is a
notable proponent of using numerical property metrics.

Contemporary academic research has highlighted the practical
value of decision tree methods in applied settings, where their
inherent transparency enhances decision support. As an
example, the decision tree framework played a fundamental
role in directing the activities of the nursing cohorts, which

brought tangible results of operational efficiency. These
empirical applications are the best examples of how explicable
designs can be used to substantively improve operational
decision-making procedures, potentially justifying the use of
decision trees to support well-organized classification
initiatives [17].

Though much of what has existed in the scholarly literature up
to this point offers a significant amount of insight into the
development and implementation of decision trees, the
literature that has been published up to now exhibits a set of
focal points that do not directly address the issues of practical
implementation of decision-tree-based data mining on
structurally organized datasets where supervised classification
is required. The work on pruning schemes, noise-reduction
schemes, or domain-specific adaptations provides a valuable
methodological contribution, but these schemes do not meet the
requirement of a single, rigorously validated data-mining
pipeline, making data preparation, feature engineering, model
construction, and performance evaluation the same
algorithmically consistent set. This gap, in turn, underscores the
need to implement and empirically justify an extensive
decision-tree DM  system, supported by systematic
preprocessing and model testing.

2. Methodology

The primary purpose of this work is to design and rigorously
evaluate a machine learning model based on the C4.5 decision
tree algorithm and to assess its predictive performance in
supervised classification. The C4.5 algorithm is widely
recognized as a standard classification tool and has served as a
cornerstone for the subsequent development of other algorithms
[16]. Our process is based on a carefully structured machine
learning framework that includes data selection, preprocessing,
construction, and evaluation. The first step involved identifying
a supervised dataset and curating it for use in the analysis.
Missing values, duplicate records, and inconsistent attribute
formatting, common manifestations of so-called noise that can
affect learning results, were mitigated by the preprocessing
stage. After the data were prepared, the model was implemented
using the YaDT C4.5, which was selected for its reliability and
interpretability.

A training-validation cycle was performed iteratively to assess
both the model's stability and its generalizability. The data were
separated using k-fold cross-validation; a decision tree was
trained for each fold; error estimates and a confusion matrix
were generated to evaluate performance. After all folds were
completed, the total accuracy and error rates were summed to
assess the model's performance. The experience of these
iterations provided information on how to optimize the dataset
by performing specific feature engineering and information on
how to modify the model architecture. A detailed description of
the entire workflow, including data preparation, preprocessing,
algorithm selection, and validation methodology, is provided in
the following subsections.
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2.1. Data Collection

The choice of the datasets to use in this work was informed by
the fact that the datasets should be able to be used to perform
supervised classification, that is, each instance should have a
predetermined target attribute and the descriptive features of the
target in the instance. Two datasets were selected after
considering several candidates to address various
methodological objectives. The initial dataset was selected to
validate the machine learning model and to assess the efficiency
of the C4.5 decision tree algorithm. To this end, the Titanic
dataset, widely used on Kaggle, has been extensively examined
in the literature, with a range of machine learning methods
applied [18]. It is well known in the scientific community and
therefore applicable to benchmarking the performance of the
YaDT C4.5 implementation [16].

The second, obtained with the assistance of the Ministry of
Agriculture, represents a real-world classification problem
involving the identification of potentially harmful substances in
beef samples [19]. The data provided provides an opportunity
to apply the C4.5 algorithm in practice and identify salient
patterns, e.g., seasonal peaks in specific contaminants or
changes in detection frequency. The combination of the two
datasets will yield a balanced evaluation: the former will assess
the algorithm's reliability on a strong benchmark, whereas the
latter will demonstrate that the model can derive practical
insights from real operational data.

2.2. Data Pre-Processing

Once the data has been selected for training the decision tree
algorithm, it is necessary to ensure that the data is consistent
and appropriate to prevent errors in model construction. Data
preprocessing is an important step in enabling a machine
learning model to extract meaningful patterns and produce
reliable classifications [20]. In this step, inconsistencies, such
as invalid records and structural deficiencies in the data, have
been detected and corrected to ensure that the algorithm is fed
with accurate input. It is necessary to ensure that the data
entered into the system strictly conforms to the algorithm's
specifications and is of high quality.

A preprocessing data workflow was adopted as shown in Fig.1.
The first two phases were implemented before the model was
put into action, and their purpose was to remove noise, delete
unnecessary records, and deal with unfinished observations.
The last step was discretisation, performed in-house using the
C4.5 algorithm, which automatically partitions continuous
variables into intervals for decision-rule induction [21]. This
systematic approach enabled the resulting data to serve as a
strong foundation for subsequent training, pruning, and
validation.

Discretization
of continuous
characteristics

Treatment of
missing
features

Data cleaning
and selection

Figure 1. Pre-processing stage data processing.

2.2.1. Data cleaning and selection

The data cleaning and selection procedures were applied
systematically in order to distinguish and cut noise, which can
be described as the discrepancies in the characteristics of certain
occurrences or complete records which stand out as inflexible
to the domineering structure of the information set. Such
irregularities are necessary to be eliminated so that the models
will maintain the accuracy when defining new classes. Because
noise detection often depends on subtle interpretations of data
provenance, the availability of domain-specific knowledge is
necessary to interpret aberrant behaviours correctly. In line with
this, a literature review relevant to the dataset's field was
conducted carefully before cleaning to ensure that valid yet rare
cases were not excluded. This contextual understanding is
necessary to classify instances as noisy, thereby removing valid
data and ultimately harming the learning process by feeding the
algorithm an improperly cleaned training dataset.

The processes that were implemented during this phase are:
e Identification of possible discrepancies in the data.
o Identify possible typographical errors.
e  Check possible inconsistencies in numerical values.
e  Check possible inconsistencies in categories.
e Deal with missing features.

Typographical errors are common in real-world datasets and
can significantly affect model performance if not addressed
appropriately [22]. When it comes to categorical attributes, a
single typographical error may create an anomalous, non-
existent type, so that the creation of decision trees can be
compromised. As a remedy to this, listed all possible values of
each discrete attribute systematically and examined the
distribution of the instances in terms of these categories and
thus detected and marked out aberrant entries. In most empirical
datasets, numerical inconsistencies also pose a similar
challenge. To reveal such differences, the concept of graphical
diagnostics was employed: a graphical representation of the
entire range of numerical values for each attribute. These plots
helped identify outliers that deviated significantly from the
expected distribution, and these outliers frequently indicated
faulty or unrealistic data points [23]. On each discrepancy being
identified, inspect that discrepancy, making the necessary
corrections or deleting spurious records. The final and probably
the most important aspect of the cleaning stage is done with
respect to the treatment of missing features. This is a process
that requires careful methodological consideration, where poor
conduct may result in bias or loss of integrity in the latter model
learning.

2.2.2. Treatment of missing features

This issue of missing features in empirical data is endemic when
training predictive modeling systems without specifically
addressing it [24]. The percentage of missing records in the
sample used herein was substantial, particularly in the Titanic
dataset, with the proportion of missing values approaching
20%. Therefore, a crude method of selecting non-complete
samples, such as tempting, would not be appropriate; it would
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select a large portion of the observations and thus create
artificial heterogeneity [25].

Therefore, in disregarding features, the selection of attributes
was based on the relevance and meaning of each feature. The
first assessment was conducted to determine whether the
absence of a datum was semantically significant. To illustrate,
in case a registrant is asked to provide a driver number, the
intentional leave of this field can mean deliberateness as
opposed to an unintentional oversight. Where there is no signal,
this is intentional in such situations and not a non-measurable
condition. In the places where it was determined in the analysis
that the missing datum actually represented a meaningful
category, a special category was coined to represent this blank,
named “Unknown” in the case of categorical variables and
coded within the numeric range 0 to 999 in the case of
quantitative characteristics.

In situations where the absence of a value is not semantically
significant, a different approach is used: the missing attribute is
set to the most common value in the training set. This does not
alter the distribution of the attribute. C4.5 algorithm also
supports the eventuality of the missing values by sharing the
instances that lack the attributes over all the branches of the
concerned decision node in the same proportion to the
likelihood of the observed labels. Its J48 implementation
incorporates additional mechanisms, including handling
missing values, pruning decision trees, managing continuous
attributes, and deriving classification rules.

2.2.3. Discretization of numerical values

Despite supporting continuous features, the Decision Tree
algorithm cannot operate directly on them, because the values
tested at the decision nodes and the predictions produced by the
algorithm must be discrete [26]. Therefore, the classification of
continuous attributes into discrete intervals is necessary. This
process, known as discretization, is performed internally by the
C4.5 algorithm. Therefore, performing the discretization
directly in the dataset is unnecessary.

The discretization process carried out by the C4.5 algorithm
[27] consists of dynamically defining an interval threshold by
calculating the Information Gain (or Entropy). This calculation
is performed to determine the threshold that yields the most
significant information gain, i.e., the interval that covers the
most significant number of instances within a subset. Once this
range is defined, the decision node only performs a Boolean
comparison: whether the continuous value of the instance is
greater than or less than/equal to the calculated threshold.

2.3. Developing the ML Model

After determining the dataset for model evaluation, the model
creation stage began using the C4.5 algorithm [28]. The
following sections present the rationale for selecting the
algorithm and the main tools that will assist in using and

evaluating the system.
2.3.1. Algorithm C4.5

The model used in this work is the C4.5 Decision Tree
algorithm, selected for its robustness, ability to handle diverse
data types, and strong interpretability—all of which align to

build an explainable and reliable classification model.
Decision-tree techniques are an essential part of current data-
mining practice, renowned for their fast training, the intuitively
clear construction of a rule set, and their ability to use both
categorical and numeric feature spaces (Witten and Frank,
2000). One of them, the C4.5 algorithm, holds a central place,
as it has become a standard in classification and is the ancestor
of numerous other tree-based algorithms [29]. Its skillful
management of categorical attributes also eliminates elaborate
encoding plans, thereby preventing unnecessary dimensional
proliferation and facilitating the development of more
parsimonious models. In addition, C4.5 has internal
mechanisms to handle missing values, which ensure the
integrity of the training process and, consequently, the
reliability of the model's predictive performance [30]. Although
other machine learning methods can handle categorical inputs
and missing values, they are less useful in the data-mining
setting, where interpretation of underlying patterns is preferable
because of their intrinsic lack of interpretability [31].
Alternatively, decision trees generate clear, rule-based models
that are easily interpretable as learned structures in the data and
are thus particularly useful for measuring feature relevance,
diagnosing the causes of misclassification, and subsequent
model improvement [32]. This interpretability is important in
the present work because it is necessary not only to fit the
instances correctly but also to derive significant value from the
underlying dataset.

2.3.2. Language and development environment

The first idea was to implement the C4.5 algorithm manually in
C++, a language well-suited to object-oriented programming
and for which the authors are familiar with its syntax and tools.
However, as the primary objective of this work is to
demonstrate the effectiveness of decision trees in extracting
significant patterns in datasets, rather than to develop a new
implementation, it would have been wiser to rely on a proven
and tested system. In this regard, YaDT, another Decision Tree
(YaDT), as discussed by Ruggieri (2004), was adopted [33].
YaDT is a polished C++ version of C4.5, called EC4.5
(Enhanced C4.5), and provides several improvements over
traditional implementations, particularly in computational
speed and memory management. Both C++ and Python were
used to facilitate key processes, such as data cleaning, feature
preprocessing, and handling missing attributes [34]. C++ was
used to optimize performance, whereas Python was chosen for
its extensive libraries for handling tabular datasets, such as .xls
and .csv files. The development environment was a Linux
Debian Wheezy 7.0 (64-bit) system comprising Sublime Text
2.0 as the primary code editor, G++ 4.7.2 as the compiler, and
Python 2.7.3 for task implementation.

2.3.3. Development tools

In addition to the development environment, several assistant
tools were used to facilitate the work. For version control, the
GitHub platform was used. GitHub is an online service used by
Git version-control system users [35]. In order to create
visualizations, the GnuPlot utility was used. This tool was
primarily used in the Data Pre-Processing steps, where scatter
plots of numerical variables were generated to identify outliers
and potential anomalies, and in model verification.
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2.4. ML Model Validation

After the decision tree model was established, there was an
urgent need to assess its predictive performance through an
independent test set. Decision trees are prone to overfitting, i.e.,
absorbing idiosyncratic trends in the training data, thereby
impairing their external validity. Therefore, it was necessary to
employ a stringent assessment methodology that yields a
realistic estimate of performance. The current evaluative phase
is thus aligned with the overall objective of the work, namely,
the development of a reliable and widely generalizable machine
learning model for supervised classification [36].

2.4.1. Cross-validation

K-fold cross-validation was used to ensure that the model's
performance was not dependent on a single train-test split. This
approach provides a solid evaluation of generalization and
appropriately completes the preceding preprocessing and
feature engineering steps, which aim to reduce noise and
improve dataset integrity. The overall dataset was used for both
training and testing. The selected datasets were fully annotated.
The data were then divided into k folds of approximately equal
cardinality. In cases where perfect partitioning was not
possible, the remaining elements were shared between the
folds. The folds were assigned distinct numbers from 1 to k.
The validation process included Kk repetitions. Each time, one
fold was selected as the test set, and the remaining k-1 folds
were used for training. After training on a model, the
classification error on the test fold was reported. When all
iterations were completed, the final error estimate was
computed as the average fold error. Such a strategy provided a
statistically sound estimate of the model's predictive
effectiveness and ensured that the test was closely aligned with
the overall objective: to evaluate the decision tree model's
performance across a range of data subsets and contextual
variations.

2.4.2. Analysis of results

In addition to cross-validation, the confusion matrix was used
to evaluate the algorithm's predictive accuracy critically. Cross-
validation only evaluates the error estimate computed for all
instances (i.e., the number of instances incorrectly classified).
Hence, the Confusion Matrix provides a more detailed estimate
of misclassification between classes. Based on the Confusion
Matrix, the True Positive Rates (TPR) and False Positive Rates
(FPR) were calculated, metrics used to plot the ROC curve [37].

2.5. ML Model Optimization

First, the ML model was trained and evaluated on the complete
dataset, using all instance-level characteristics. Once the error
estimates and the confusion matrix for this iteration are
obtained, the data will be analyzed to determine whether the
algorithm's predictive performance can be improved. This
optimization can be achieved in two ways: by applying the FE
technique to the dataset or by improving the algorithm.
Dimensionality reduction was applied to enhance the quality of
the training and test datasets by removing less informative
features during Decision Tree construction.

Feature engineering (FE) is a process by which the dataset's
characteristics are worked on so that the ML model has
improved performance. The technique used to perform FE on
the system dataset was dimensionality reduction. Although
humans are not limited to three dimensions, higher
dimensionality makes it more difficult for ML models to
process the dataset [38]. This technique aims to reduce the
number of features the ML model will handle during training
and evaluation, thereby improving the algorithm's performance.
The Dimensionality Reduction technique employed is Feature
Selection. Again, the greedy algorithm will be used to select the
optimal subset from the complete set. This approach is known
as reverse Attribute Selection: starting with the full feature set,
the worst feature within that set is eliminated.

3. Results
3.1. Dataset - Titanic

The first dataset analysed is provided by Kaggle [39]. On this
well-known platform, several challenges in analysis and DM
are proposed, in the search for the best predictive model for a
given problem. This dataset, provided in September as part of
one of these challenges, comprises information on the
passengers aboard the Titanic. The analyzed dataset contains
1309 instances, whose characteristics comprise data about
passengers who were on the boat on its first and only trip when
it sank after hitting an iceberg. The prediction class is a
categorical variable indicating whether the passenger survived
(1) or not (0). Each instance contains 13 characteristics, in
addition to the target characteristic (which indicates whether the
passenger survived or not): class the passenger was in, name,
gender, age, number of siblings/wives on board, number of
parents/children on board, ticket number, ticket fare, cabin,
location where the passenger boarded, which lifeboat the
passenger was on, whether the passenger was able to board any
of the available boats when the ship sank, body identification
number, and passenger's destination location. Of these, 10
features are categorical, and 4 are numeric. The percentage of
missing features is approximately 20.1%. The distribution is:
61.8% of passengers did not survive the accident, and 38.2%
survived.

3.2. Data Cleaning and Selection

Before creating the AM model, the dataset was preprocessed by
cleaning and Selecting Data. As previously described, this
phase is conducted to ensure that the dataset is sufficiently
consistent for model development and validation, and to
remove potential inconsistencies that could hinder data mining.
Data. Preprocessing of the dataset was performed using a
Python script. The Python Data Analysis Library (pandas) was
used to manipulate the dataset as a data frame, and NumPy, in
conjunction with the Open-Source Library of Scientific Tools
(SciPy), was used to apply mathematical functions.

YaDT works with datasets in a specific format, so it was
necessary to address some problems present in this dataset. In
this case, the algorithm does not handle names with quotation
marks, so it is essential to remove them from the name and
home_destCharacteristics. To do this, the replace()Function
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was applied to each of the elements present in the list, referring
to each characteristiccw ith the help of the map() and
lambda() functions. In addition to removing the quotation
marks, it was necessary to remove the commas within the
characteristics, as they would cause issues when reading YaDT.

Furthermore, it was decided to divide the passenger's full name
into two distinct columns: name and surname. This division was
performed by executing the split() function, dividing the first
and last name using the token passed as a parameter (in this
case, the hyphen).

3.3. Identification of Possible Inconsistencies in Numerical
Values and Categories

To identify inconsistencies in the data, they performed a
systematic review of categorical and numerical attributes. For
categorical attributes, the listed categories were related to each
attribute, ensuring that no case deviated from the expected
groups. The features with a small number of distinct values
(such as sex and sibsp) were examined alongside the standard
categorical fields because they exhibit limited variability, which
allows validation to proceed without complications. Python
code that uses NumPy's unique and ravel functions was used to

Age scatterplot of titanic Passengers
T T T ]

isolate and tabularly examine the unique values of each
categorical variable.

Upon analysis, the following features (surname, ticket number,
cabin name, and boat identifier) showed an excess of individual
entries, grouping passengers into small clique-like groups. As a
result, the input of these features into the predictive model was
considered to be not generalizable enough, and it was re-
evaluated in the process of feature engineering to avoid
introducing extra variability.

To assess the numerical attributes, a set of scatterplots was
constructed to determine whether extreme values fall within
realistic ranges, thereby identifying possible outliers or errors
in measures such as age and fare. An additional script was used
to extract and sort the values of these variables, producing
ordered and unordered datasets and informing the subsequent
choice of data cleaning or transformation. This methodological
procedure helped verify numerical consistency and informed
subsequent decisions regarding data cleaning or transformation.
The only missing values were those that warranted further
remediation, as no significant inconsistencies were found.

80 |

R WP P NP L LA

600 800
Database instances

1000 1200

Figure 2. Plotting the age of the passengers with the number of occurrences

The age distribution shown in Fig. 2 indicates that passenger
ages are widely distributed across the dataset, with infants on
one end and 80-year-olds on the other. The appearance of values
such as 0.16666 is used to demonstrate internal consistency and
the absence of errors, as zero age in the dataset encodes infants
under one year. The above findings indicate that the age
attribute is valid and requires no correction.

In examining the fare feature, classifying values by passenger
class yields significant structural features. In the first-class
group, as shown in Fig. 3, most fares are distributed in the
expected middle range, and only a few extreme values exceed
£512. Archival sources indicate that these extremes pertain to
members of the Cardoza family and their servants, who
occupied one of the most expensive suites on the Titanic;
therefore, these outliers are true high-fare cases and not
anomalies [40].

In the second class, as shown in Fig. 4, fares are largely
concentrated between £10 and £40, with a small cluster of
higher values. These higher fares correspond to families or
travel groups sharing a single ticket, which explains the
increased cost.

Third-class fares, as shown in Fig. 5, exhibit the most
significant variability, but the elevated values are attributable to
group ticket purchases rather than anomalous data entries.
Historical passenger records confirm that several large families
shared tickets priced significantly above the average.

Overall, the visual analyses confirmed that the observed outliers
reflect genuine historical circumstances rather than data errors.
Therefore, the primary preprocessing requirement for this
attribute is to handle missing or zero-valued entries, rather than
to modify valid extreme values.
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3.4. Treatment of Missing Features

The Titanic dataset has many missing features. More precisely,
7 of the 14 features present have missing values, with some
features absent in more than 70% of instances. YaDT supports
missing features, but it is still necessary for these features to be
treated before feeding the algorithm.

3.5. Feature Engineering

Upon completion of Data Cleaning and Selection, the
Dimensionality Reduction technique was applied to the dataset

80

to remove features via Feature Selection, as described
previously. To achieve this, some features were analysed and
removed, as their Information Gain was too low or their
presence would render the model overly simple for pattern
discovery. Before E.C. was applied, a test decision tree was
generated using the “raw” dataset, i.e., all features were
included. The tree generated from this base is shown in Fig. 6.
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boat=1,2,3,4,5...D

sibsp<=0

sibsp >0

Figure 6. A decision tree was generated with all data from the
Titanic dataset.

As you can see, the constructed decision tree is inferior; if you
were in the lifeboat, you would have survived. If he wasn't, he
died. Despite achieving an excellent accuracy on the test set,
this tree does not help in discovering new patterns for DM.
When these two characteristics are analysed together, it is
evident why a tree like this was created: of 500 survivors, 477
were in an identified lifeboat, and of the 809 who lost their lives,
only 9 were in lifeboats.

Analyzing a little deeper, it is possible to notice another
dangerous feature: the body. Despite having only 121 valid
values, it can significantly reduce the tree size. Whenever it
encounters a valid value, the tree correctly classifies the
instance as 0, since only dead people have a valid identifier.

Therefore, the boat and body are two characteristics that make
the tree very weak for DM. Consequently, they were removed
in the first round of the E.C. process. In addition, for the
opposite reason, three other characteristics were removed:
name, surname, and ticket. Because they have many categories,
these characteristics serve as identifiers of the instance, making
them unsuitable for the model's expected generalization.

3.6. Model Creation

After the Dataset Pre-Processing and Feature Engineering steps
were completed, the first ML model was finally created.
However, before viewing the model generated by the C4.5
algorithm, a brief description of how the YaDT system works is
necessary.

In addition to the dataset, the system requires a second file
containing the dataset's “metadata”, that is, the description of
each characteristic of the instances that make up the dataset.
This metadata must be in the following format:

name, data, type, column_type
name, data_type, column_type

Since the name is the name of the characteristic that will be
presented in the generated model, the datatype is the data type
(integer, float, string, or null), and column_type is the type of
the characteristic (numeric, categorical, or class). YaDT

supports additional characteristics, such as weights, but in this
work, these types are optional. The file containing the metadata
used to generate the model was as follows:

e (lass, integer, discrete

e  Sex, string, discrete

e Age. Float, continuous

e Sibsp, integer, continuous
e Patch, entire, continuous
e  Ticket, string, discrete

e Fare, float, continuous

e Cabin, string, discrete

e  Embarked, string, discrete
e Home dest, string, discrete
e Survived, integer, class

In this case, discrete corresponds to categorical characteristics,
and continuous to numerical characteristics; the distinction is
merely nomenclatural.

YaDT has a GUI; however, it is recommended that the system
be run via the command line to provide greater control over
C4.5's adjustable parameters.

As shown in the command line, two factors are used to build
the tree: CONFIDENCE and SPLIT. Recommend using the
default value for the confidence factor, 25% [14], [41].

To determine an appropriate SPLIT parameter, a sensitivity
analysis was conducted in which 498 trees were generated using
the same dataset while varying SPLIT values from 2 to 500
(with CONFIDENCE fixed at 0.25). The error rates on the
training set indicate that the training set performs well at lower
SPLIT values but then declines as SPLIT increases. The
minimum error occurred at SPLIT = 6, with values above 10
producing progressively higher misclassification rates. When
SPLIT approached 500, tree error exceeded 36%, confirming
that significant SPLIT thresholds lead to overfitting and
reduced generalization.

Using SPLIT = 6 as the optimal value, the CONFIDENCE
parameter was evaluated similarly by generating 20 trees with
CONFIDENCE ranging from 0.05 to 1.0 in increments of 0.05.
This analysis allowed identification of the CONFIDENCE
range that minimizes pruning error while avoiding over-
pruning. The results provided the basis for selecting the
CONFIDENCE level used in the final model configuration, as
shown in Figs. 7 and 8.
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Fig. 9 shows that the home dest feature is missing from the
model because its large number of categories reduced its
Information Gain, potentially pruning it from the tree. Sex
provided the most Information Gain, so it served as the tree's
root node. The remaining features were used to create decision
nodes.
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Figure 9. Tests for the optimal CONFIDENCE value - Titanic

When analysing CONFIDENCE values, consider the generated
tree size and the error percentage. The smallest trees were
obtained with CONFIDENCE less than 10%, but at a higher
error rate than those with CONFIDENCE between 15% and
80%. Excellent error percentages were achieved from 85%
onwards, at the expense of a large tree. In other words, an
overgrown tree is caused by improper pruning. It was
discovered that these error percentages were caused by the
creation of new branches for all ticket categories or home dest
that were not pruned, resulting in a large tree.

Thus, the AM model was created with CONFIDENCE = 0.25,
a standard value with favourable test results, and SPLIT = 6.
Finally, the first model was developed.

3.6.1. Model validation

The error percentage calculated by YaDT was 18.71%. In Table
1, the confusion matrix for this model is presented.

Table 1. Confusion matrix of the generated model - Titanic
TP =765 FP =201
FN=44 TN =299

100 150 200 250 300 350 400 450

SPLIT

Figure 8. SPLIT variation from 2 to 500.

Correct classifications were made for 765/809 cases as zero and
for 299/500 cases as 1. About False Positive and Negative rates,
201/500 cases were mistakenly classified as 0, or 40% of the
total, and 44/809 cases were mistakenly classified as 1, or 5.4%
ofthe total. All of the model's male instances perished as a result
of algorithm pruning at the decision node, creating a significant
discrepancy and damaging classification. The model classifies
female instances with greater accuracy.

3.6.2. Evaluation design and metrics

Precision: This metric measures the proportion of correct
positive predictions. It's (1) is as follows:

TP
TP+FP

Precision = (1)
Recall (Sensitivity): While precision focuses on the proportion
of correct positive predictions, recall concerns the proportion of
actual positives that the model correctly identifies. It's (2) is as
follows:

TP
TP+FN

Recall = 2)
F1 Score: Since both precision and recall are essential for data
analysis but are often in tension (i.e., improving one may reduce
the other), the F1 score provides a balanced metric that accounts
for both. It is the harmonic mean of precision and recall and
provides a comprehensive measure of the model's quality in
identifying both classes. It's (3) is as follows:

2*Precision+Recall
F1Score =—————

3)
Cross-validation and the confusion matrix were used to validate
the model. The k-partitions technique was applied. YaDT error
estimates are approximate, so the objective of this validation is
to obtain a more accurate model error estimate.

TPrecision+Recall

To determine the optimal k value before figuring out the best
values for SPLIT and CONFIDENCE. To accomplish this, the
following C++ code was written: The algorithm is given both
the desired k and the entire dataset. The instances are then
stored as Instance objects, creating a vector after the dataset has
been read. Next, divide this vector into k parts and shuffle it in
a loop. In the end, k test bases (number of instances not in the
equivalent test base) and k training bases (number of instances
not in the test base) will be created, totalling 2k datasets.
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You can find the complete code at
<http://github.com/hialo/decisiontreebuilder>. The Instance
class is created in the snippet above to hold base instances.
Since the two bases used in this work yield integer results, the
classification variable is of type int. Next, using k ranging from
0 to the base size minus one, or 1308 (Leave One Oct, a well-
liked validation technique) [42], a Shell Script was written to
carry out the Cross Validation algorithm.

The script will create all k possible trees for each k and store
the results using the k-partition method. After producing all
feasible outcomes within the range, a Python script computes
the average error percentage for each algorithm iteration by
reading the error percentage for each k-model from YaDT's
matrix.txt file [43].

After the algorithm was run and the points were obtained, the
following graph was obtained:

The first few k values exhibit the most significant fluctuations
before the graph stabilizes. An optimal value of k cannot be
determined because the training and test datasets differ
significantly. The lowest error percentage may no longer hold
in a subsequent cross-validation iteration. K is therefore 10
because, as Witten and Frank (2000) and Mitchell (1997) stated,
this is the literature standard. Because the algorithm has a low
computational cost, it requires only a small amount of
processing power. Error percentage increases linearly with k in
Fig.10.

Subsequently, 10 training and 10 test datasets were created, and
the error was computed for each training and test set. In the end,
the average of these errors was obtained. The average error
obtained via cross-validation was 20.75%, approximately 2%
higher than the error obtained when generating the model, as
expected. The code used to read all error percentages generated
during the Cross-Validation iterations is the same as that used
to read the error percentages to determine the optimal k, except
that it modifies the base addresses.

Furthermore, with the help of the Confusion Matrices generated
by each model during the execution of the k-partition technique,
the values referring to their True Positive Rates (TPR) and False
Positive Rates (FPR) were calculated for each model generated
as (4) and (5).

TPR = TP/ (TP + FN) (4)
FPR = 1 — TN/(FP + TN) (5)
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Figure 10. The percentage of error in the value of k
3.7. Dataset - PNCRC/Cattle
3.7.1. Dataset description

MAPA (Ministry of Agriculture, Livestock and Supply)
provided the dataset for analysis at this stage. This dataset was
collected by the PNCRC (National Waste and Contaminant
Control Plan) [44], a federal inspection program for food
production chains. Its purpose is to monitor production system
controls and the quality and safety of animal and vegetable
products for commercial and consumer use.

The PNCRC's two large areas each have their own set of
regulations. In FIS-registered businesses, several samples are
collected wusing a statistical plan. All FIS-registered
slaughterhouses participate in weekly sample collection draws.
A computerized system, SISRES (Waste and Contaminant
Control System) [45], manages sample forwarding and
laboratory results, plan information, and a random selection of
establishments from which Ministry of Agriculture inspectors
will collect samples. On average, 52 weekly draws are held
nationwide from January 1 to December 31.

Following analysis, if the MRL (Maximum Residue Limit) is
exceeded or a prohibited drug is used, the Ministry of
Agriculture takes immediate regulatory action to keep the
contaminated product from reaching the market. In addition,
property actions are taken to determine the cause of the
infraction.

The dataset contained analyses of bovine samples from 2002 to
2014. This dataset includes only laboratory-analysed
substances, such as antiparasitic. The prediction class is a
categorical variable with three possible classifications: no
detection, detection with values below the MRL, and detection
with values above the MRL. Each of the 32,114 instances in the
analysed dataset possesses 23 characteristics. Table 2
summarizes the base instances.
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Table 2. Description of the PNCNR bovine sample dataset

Feature Description Type Non-null values
YEAR Year in which the analysis was carried out categorical 32114
N_ANALISE Analysis ID No. categorical 32114
Code .
FIS Federal Inspection Service categorical 32114
Property Name .
NOME_PROPR in which the sample was obtained categorical 31255
IF Property UF categorical 31302
COD_PROPR Identification code of the property categorical 698
PROPRIET_NAME Owner's name categorical 31362
MUN_NAME Name of the municipality categorical 31355
Zip code First 5 digits of the Zip code of the property categorical 30315
CEP2 Last 3 digits of the Zip code of the property categorical 24543
Species code categorical
COD_SPECIE Sample 31472
Group ID
COD_TIPAN Which tested substance does it belong to categorical 31472
QTY_ANIMALS Number of animals in the tested batch numerical 31212
WEEK Week of analysis categorical 31472
END_PROPR Address of the property categorical 14197
PERSON_TYPE categorical 14348
UF_PROPRIET Owner's UF categorical 14197
MUN_PROPRIET Municipality of origin categorical 14181
From the owner
CEP_PR Owner's zip code categorical 14197
COD_RESIDUO Substance code categorical 31472
RESULT Test Result numerical 13130
of the substance
If there was a violation (1) .
SIT_VIOLAC sample or Not (0) categorical 20763
STATUS Class that describes the categorical 31472

Action That Will Be Taken

3.7.2. Data cleaning and selection

As with the Titanic dataset, the dataset was preprocessed before
being fed into the algorithm. As described in the following
sections, some characteristics were examined with respect to
instance-classification errors and the treatment of missing
values. These steps were repeated using a Python script that
employed the pandas and SciPy modules.

o Identification of possible typographic inconsistencies:
As was done in the Titanic dataset, at this stage, possible
discrepancies that could interfere with the reading of data
carried out by YaDT were removed.

The numerical characteristics YEAR, N _ANALYSE, FIS,
COD_TIPAN, CEP, and QTY_ ANIMALS, due to the SISRES
filter, included commas in values above 1000 when saved in the
table, in addition to quotation marks. Again, using the
replace() function in conjunction with the map() function to

apply the function to all data frame elements, and commas and
quotation marks were removed from such characteristics.

Furthermore, the CEP2 characteristic was 0. These values were
replaced by their correct representation, 000, again using the
map () functions and lambda ().

e Treatment of Missing Features: The findings indicate
that 16 of 23 dataset characteristics have missing values,
with some missing more than 80%. Some base
characteristics would be removed during the E.C. stage,
making further treatment unnecessary.

This stage addressed UF, NAME MUN, CEP, CEP2,
QTY_ ANIMALS, and RESULT. The -characteristics UF,
NAME MUN, CEP, and CEP2 were addressed first. These
characteristics are complementary because they pertain to the
properties from which the samples were collected. Thus, one
characteristic's value can be deduced from another. Table 2
shows that MUN_NAME has the fewest missing values (119).
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When MUN NAME was known, UF and CEP values were
estimated. This enabled the accurate entry of 64 states and ZIP
codes. The number of missing values in CEP2 was
approximately 5000 higher than in CEP. When CEP existed, but
CEP2 did not, CEP2 was 000, according to CEP data analysis.
These values were filled in accordingly. Approximately 120
instances had missing values for these characteristics; these
cases could not be deduced because UF, NAME MUN, CEP,
and CEP2 were missing, and, following the standard procedure,
missing values were replaced with Unknown.

Filled in missing values in QTY_ ANIMALS using the average
of all instances, just as we did with the Titanic dataset's age
characteristic. This mean was calculated, and missing values
were filled with NumPy's mean() function. According to the
Ministry of Agriculture, the missing RESULT values were
caused by SISRES filter errors and should have been 0. Thus,
all of the missing values for this characteristic were filled.

3.7.3. Feature engineering

This phase started with a substitute. Specific instance
characteristics were swapped for a meaningless mapped value
because the Ministry considers them confidential.

These characteristics are FIS and PROPER NAME, which
pertain to the establishment of the sample's collection. An
additional table was created, in which each FIS and its property
were mapped to an index, FIS INDEX, and the property was
replaced with this index to preserve the privacy of the sample
suppliers.

Owner data removal is also requested. NAME PROPRIET,
END PROPRIET, TYPE CURRENCY, UF PROPRIET,
MUN_PROPRIET, and CEP_PR were eliminated attributes.
They did not examine the categories in the prior topic as a
result. The removal of these features was safe because over 50%
of them had multiple characteristics.

The removal of COD_PROPR resulted from this. As with the
name of the Titanic, this characteristic occurs 712 times (2% of
occurrences). Additionally, the COD_SPECIE characteristic
was eliminated because it is exclusive to the dataset, which
contains only beef-sample tests. CEP was created by combining
the features of CEP and CEP2. The substance name from the
current code was substituted for the COD RESIDUO and
COD_TIPAN values to aid in visualising the patterns in the
generated model.

3.7.4. Model generation

After completing the Data Pre-Processing and E.C. stages, the
AM model was generated using YaDT. As in the Titanic
dataset, the best values for SPLIT and CONFIDENCE were
first calculated before developing the definitive model using all
instances of the dataset.

The methodology was the same: first, to determine the optimal
SPLIT value by varying it from 2 to 500, using the default
CONFIDENCE value of 0.25. The calculated value of SPLIT is
then used to determine the optimal value of CONFIDENCE.

In Fig. 11, the variation in the error percentage with respect to
the SPLIT value is shown. Unlike the Titanic dataset, the error

rate remained relatively stable, with no variation from
approximately 0 to approximately 70. Then, up to
approximately 120, the error rate increases considerably before
stabilizing again. As you can see, obtaining an optimal SPLIT
value was also impossible. Therefore, the value used to generate
the model was the minimum SPLIT value, 2.

SPLIT variation in relation to the % of Error
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Figure 11. SPLIT variation from 2 to 500

Using the SPLIT value, the optimal CONFIDENCE value for
model generation was determined. The same procedure was
adopted: varying the percentage from 5 to 5%, all error
percentages were obtained within the range of 5 to 100%, the
maximum allowed. Fig.12 presents the results obtained.
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Figure 12. Tests for the optimal CONFIDENCE value -
PNCRC/Cattle

When CONFIDENCE was selected, the tree size was taken into
account. Among the trees grown, 5-35% were simple and had
only one feature. The trees in the 40%-60% range were more
complex, but even though they were simpler, they had a lower
error rate. The error rate between 65 and 95% was slightly
lower, but the trees were much bigger than the others. With
100% CONFIDENCE, the tree has serious overfitting
problems. It is 100% accurate, but it depends on this dataset,
which makes the results for test cases we know very little about.

The results were identical; therefore, SPLIT = 2 and
CONFIDENCE = 0.40 were selected. This means there was no
best SPLIT, like with the Titanic base. Used the right size tree,
a reasonable error rate, and the same confidence level. The
following model was made with the values given in Fig.13.

A small tree was trained for pattern extraction, achieving high
accuracy: the model classified only 7 instances incorrectly out
of 32114, yielding an error rate of 0.02%.
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Figure 13. Decision Tree generated with data from the PNCRC/Bovines dataset.

This value differs from the previous model, which estimated
18% using the Titanic dataset. This suspiciously low value
indicates overfitting, but this issue is addressed in the
subsequent section on model validation.

3.7.5 Model validation

As previously stated, the model's error rate on the dataset
was very low, approximately 0.02%. Table 3 shows the
confusion matrix for the model in question:

As shown, the generated model did not miss any instances
whose expected class was non-detection (STATUS = 6), i.e.,
samples that returned zero on the test. It is worth noting that
the only issue the model encountered was in classifying
instances with detection values more significant than the
LMR allowed with STATUS = 5, but not equal to 7. The
samples that did not exceed the LMR were correctly
classified. The number of instances misclassified as 5 was
7/68. The C4.5 Decision Trees model was applied in this
work for analysis. The precision, recall, and F1 score results
are detailed and explained below.

- Precision: 72.68%
- Recall: 72.33%
- F1 score: 72.87%

The precision of the studied C4.5 Decision Trees indicates
the proportion of correct predictions among all the
predictions made. A precision of 72.68% means that the
model correctly classified 72.33% of the instances. The
recall (sensitivity) reflects the model's ability to identify
positive instances correctly; in this case, 72.33%. The F1
score is a metric that combines precision and recall into a

single figure, 72.87% in this case, indicating a balance
between the two.

Table 3. Confusion matrix of the generated model -

PNCRC/Cattle
Expected/Obtai
ned
STATUS = STATUS= STATUS =
5 6 7
STATUS =5 814 0 7
STATUS =6 0 31127 0
STATUS =7 0 0 6

When asked to classify new test data, cross-validation was used
again to assess the model's performance. Because the algorithm
used to generate the training and test datasets was random, the
test used to determine the optimal k varied widely; therefore, k
= 10 was chosen again. Thus, chose the literature-consensus
value. An error was calculated for ten training and ten test
datasets. The mean of these errors was computed.

Using cross-validation, the model's average error was 0.06%,
which remains negligible. In this case, the model correctly
identified all instances; however, some class 5 iterations
contained errors, indicating imperfect generalization. This
behavior is revealed by inspecting the ROC curve for this
model.

In addition to cross-validation, the ROC curve was used to
assess model performance. The ROC curve is important in this
context due to the information trade-off. TFP lowers DVT, as
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evidenced by confusion matrices and ROC curves. This trade-
off must be handled with caution in real life. Sometimes trading
precision for false positives is worthwhile, and vice versa. In
the PNCRC, it is extremely serious for a contaminated
sample whose tested substance exceeds the MRL to be
classified as healthy; therefore, any model that could make this
error must be avoided at all costs, even if it requires less
accuracy. According to Brink and Richards (2014), there is no
free lunch.

The model's ROC curve was then generated using the one-
versus-all method. Only binary classifiers can use the ROC
curve technique, which plots the positive and negative class
rates. However, this technique enables adaptation of the ROC
curve for multi-class classifiers [46]. The one-versus-all
technique creates a curve by labelling one of the model's n
classes as positive and the remaining classes as unfavourable.
In the end, a graph will have n curves, each with one positive
class and the rest negative. It resembles cross-validation. This
model's ROC curve comprises 30 points: three curves of 10
points each, computed from the confusion matrices of the k
cross-validation iterations.

Fig.14 shows the model's ROC curve. You can see that the curve
was very close to the ideal classifier, which produces only True
Positives and no False Positives. It was so close that the figure
had to be magnified to show the model's points. The black line
depicts the class 5 curve, the red line represents the class 6
curve, and the correct green line depicts the class 7 curve. The
points depict the created ML model, with each colour
representing a curve. Because of how the graph was created, the
points were extremely close to the graph threshold, making
them difficult to see.

Fig.15 shows an expanded ROC curve. The X-axis ranges from
0 to 0.002, while the Y-axis spans from 0.5 to 1. This graph does
not include the point labelled "class 6) because it is outside this
range. The class 7 curve performed the worst when compared
to the Y axis. This means it has the lowest True Positive values,
which is understandable given that the class makes the most
mistakes.

These are the findings of the study that examined two very
different datasets. The results presented in this section are
discussed in greater detail below, as well as suggestions for
future work.

4. Discussion
4.1. First Stage

This first stage of the proposed work enabled the author to
develop a high-quality theoretical framework for implementing
the project in the second stage.

4.2. Second Stage

The second evaluation stage of the Decision Trees algorithm for
DM took place between July and December 2014. C4.5 was
implemented using YaDT, as previously stated. It produced
better results than others, but the algorithm must be validated
before use. This is the primary reason for working on these two

datasets: the Titanic dataset, which is well-known and studied
by DM experts, provided an excellent opportunity to test the
algorithm's effectiveness using global results and the ship's
history. As the primary evaluation metric, the algorithm's
Kaggle classification was used. This was then applied to a real-
world problem from the PNCRC/Bovine dataset.

multicalss model ROC curve

3
o
=
[J]
©
_g 0.5
3
a
[}
2
=

0 1 1 1 1

0 0.002 0.004 0.006 0.008 0.01
False Postive rate (FPR)
Figure 14: ROC curve of the multi-class model

1 Expanded multicalss model ROC curve
3
a
=
[
e
gos |
@
o]
o
[}
2
[l

0 1 1 1

0 0.0005 0.001 0.0015 0.002

False Postive rate (FPR)

Figure 15. ROC curve of the expanded multi-class model
4.2.1. Results-titanic

YaDT produces a consistent ML model, as evidenced by its
acceptable results. The model's accuracy was 79%-81%,
ranking it among the top 300 on Kaggle (2012), where the
dataset was obtained. During tree construction, patterns
supporting the Titanic story were discovered. Sex was the most
prominent feature on the tree, followed by class. Titanica (2013)
reported that 81% of male passengers died, compared to 28%
of female passengers. In other words, pruning the tree based on
the instance dying if it is male keeps the model's error rate
constant, as 19% of male instances are classified incorrectly.
Accident survivors backed up the claim that 97% of first-class
women and 90% of second-class women were saved. Only 46%
of the women in the third class survived, so the tree continued
to grow to protect the model's generalization. Also discovered
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that YaDT supports various tree-construction adjustments,
including the confidence value used in the C4.5 algorithm's
pessimistic pruning and the minimum number of leaf-node
cases [47]. This enables finer-tuned model construction for a
specific case, such as identifying optimal variable values. In
conclusion, the algorithm and model performed admirably,
justifying their use in the second scenario, a real-world
application.

4.2.2. Results-PNCRC/Cattle

Positive outcomes were anticipated when comparing the
algorithm's output with the Titanic dataset, given that it
uncovered several intriguing patterns associated with the ship's
history. However, this differed from the model generation
results. Despite its precision, the algorithm-generated tree can
help validate temporal, regional, or substance-specific patterns.
To develop a reliable classifier using a tree with only two
attributes, one of which (RESULT) is a class indicator.
However, this only accomplishes the primary objective. It is
important to emphasize that this is not the algorithm's fault;
YaDT produced a nearly flawless tree by considering the
requirements of an effective classifier, yielding commendable
generalizability [48]. The inefficiency of the results is thought
to have been caused by the base model itself: the algorithm was
unable to verify patterns within the scant data to be mined due
to the small number of truly relevant instances (instances with
class 5 represented approximately 2% of the base, and instances
with class 7 represented only about 0.2%). In other words,
additional representation is required in the dataset to locate the
patterns that MAPA seeks [49].

5. Conclusions

The findings of this work demonstrate that the methodological
objectives were successfully met. The original validation,
conducted on the Titanic dataset, showed strong, well-
differentiated performance and, as such, validates the
effectiveness of the YaDT implementation and the C4.5
algorithm's  stability in a well-structured experimental
environment. The observed accuracy levels are further
supported by historical reliability and extensive benchmarking
that preceded this work, lending credence to the soundness of
the approach's methodology. Conversely, in the application to
the PNCRC/Cattle dataset, the model exhibited severe
limitations, including an inadequate sample size and an uneven
distribution, largely attributable to the minority classes (5 and
7). Such an imbalance also necessarily limited the algorithm's
ability to identify meaningful behavioural patterns that could
help MAPA identify important substances. As a result, to
improve predictive performance in that domain, the dataset
should incorporate improved sampling methods, particularly a
more balanced representation of the key classes. Although the
PNCRC/Cattle data do not provide optimal conditions for
demonstrating the full capabilities of the decision trees in data
mining, our endeavours nevertheless demonstrate the salient
attributes of the algorithm, including its interpretability and
consistent classification behaviour. Further work should
include a deeper analysis of MAPA's data structure and data
collection methods, with the objective of identifying features

that enable more efficient pattern discovery and, thus, enhance
the appropriateness of decision trees or other models in this
particular setting.
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