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Abstract

While Machine Learning models are increasingly deployed for com-
plex tasks, verifying their reliability remains a significant challenge,
as traditional software testing techniques cannot be directly ap-
plied to data-driven systems. Additionally, conventional evaluation
strategies (e.g., random sampling and 10-fold cross-validation) do
not explicitly exploit structural information about model behavior,
potentially limiting their ability to expose challenging or failure-
inducing inputs. To circumvent this limitation, specialized testing
criteria have emerged. In this context, this paper investigates the
applicability of a Decision Tree Coverage (DTC) criterion for guid-
ing test case selection in image classification tasks. Although DTC
has previously demonstrated effectiveness in selecting test cases
for symbolic classification models, its use in the context of image
classification, where models operate over high-dimensional, un-
structured data, remains unexplored. To bridge this gap, we propose
an adaptation of DTC that leverages decision trees constructed from
image embeddings to derive structurally informed test cases for
evaluating image classification models. An experiment was con-
ducted using a YOLO-based classification model trained on the
Cassava and DeepWeeds datasets. The effectiveness of the pro-
posed approach is assessed in terms of the extent to which it leads
to reduced predictive performance relative to test sets obtained via
10-fold cross-validation. Results from our experiment show that the
DTC criterion significantly outperforms random selection by iden-
tifying more challenging test inputs, thereby indicating its ability
to expose more failure-prone cases and reveal model deficiencies
more effectively. Moreover, DTC achieves these results while requir-
ing fewer test cases and maintaining comparable execution time.
These findings indicate that leveraging internal model structures
for test case selection can yield more rigorous evaluations of image
classification models.
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1 Introduction

Software development is a complex task, influenced by several
factors throughout the development process. Software Engineer-
ing (SE) acts as a set of guidelines and best practices to guide this
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process and ensure that the final product is as aligned as possible
with expectations. As with any activity involving human execution,
failures may occur at different stages, requiring specific strategies
for their mitigation [2]. With the growing popularization of Ma-
chine Learning (ML) and its data-driven paradigm, new challenges
have emerged in the field of SE, especially in the area of Software
Testing (ST).

Traditionally, computational problems are solved through the
implementation of algorithms with well-defined rules to address
specific issues [9]. This approach proves to be highly effective in
deterministic contexts with a clear systematic structure. However,
as the complexity of problems increases, so does the need for spe-
cialists to render these problems into computational solutions. To
reduce this dependency and minimize human intervention, it be-
came necessary to develop more autonomous computational tools.
ML is based on the ability to learn tasks from historical data [7].
In other words, when exposed to a specific set of information, an
ML-based system is expected to be capable of interpreting new data
based on previously acquired knowledge.

Recent studies have shown that testing criteria based on Decision
Trees (DT) are effective in selecting test cases for classification algo-
rithms in ML systems [17, 18]. However, such approaches have not
yet been adapted to the context of image classification, representing
a gap in the literature.

Considering the emerging challenges in the context of verifying
ML-based systems, this paper proposes the use of a Decision Tree
Coverage (DTC) criterion for selecting test cases in image classifi-
cation tasks. The main objective is to improve the selection of test
cases in order to enable the identification of faults that may arise
during the development of image classification models.

The primary contribution of this study is to provide the first
systematic investigation of how the DTC criterion can guide the
selection of more effective test cases in the context of image clas-
sification, a fundamental task in the field of computer vision. In
contrast to conventional evaluation procedures (e.g., random parti-
tioning strategies based on 10-fold cross-validation), which do not
explicitly exploit model structure, the DTC criterion leverages struc-
tural information to derive test cases that are more likely to expose
deficiencies in model behavior. The effectiveness of the proposed
approach is assessed by examining the extent to which test cases
derived from the DTC criterion lead to reductions in prediction
scores when compared to randomly selected test cases obtained
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through 10-fold cross-validation. By providing empirical evidence
that structurally guided test case selection can yield more rigorous
evaluations, this study contributes to advancing methodologies for
testing and assessing the robustness of image classification models.

The remainder of this paper is organized as follows. Section 2
presents related work. Section 3 describes the experimental design
adopted to evaluate the DTC criterion in the context of image
classification models. Section 4 presents the experimental results.
Section 5 provides a statistical analysis of these results. Section 6
discusses threats to validity. Finally, Section 7 summarizes the main
findings and outlines directions for future research.

2 Related Work

Several software testing activities can be formulated as learning
problems and analyzed using ML techniques. This has motivated
researchers to apply ML to address software testing challenges,
increasing the number of studies in the area. In the work conducted
by Riccio et al. [16], a Systematic Mapping (SM) was carried out with
the goal of identifying and classifying existing solutions focused
on functional testing of ML-based systems. The analysis was based
on the careful selection of 70 primary studies and the formulation
of 33 research questions, distributed across three main dimensions:
(i) the context of the addressed problems; (ii) the functionalities
tested; and (iii) the empirical evaluation methods employed.

As a conceptual contribution, Riccio et al. [16] propose a third
category of testing approach, in addition to the well-known white-
box and black-box, namely the data-box. In ML systems, black-box
techniques evaluate the system without considering its internal
structure, while white-box approaches assume full access to the
model architecture. The data-box, in turn, is positioned between
these two, using input and output data as well as the trained model,
but without requiring knowledge of its internal structure, making it
a particularly interesting alternative for systems such as Deep Neu-
ral Networks (DNNs). Regarding test adequacy criteria, the study
identified 12 distinct proposals primarily focused on evaluating test
coverage in ML models, with an emphasis on the generation of new
test cases. Most of these criteria focus on architectures based on
Artificial Neural Networks (ANNs), with notable works including
[4, 8, 14, 19].

The study conducted by Zhang et al. [23] presented a compre-
hensive survey focused on the area of ST in ML-based systems.
The investigation includes a detailed analysis of 144 published
studies, from which relevant information was extracted regarding
aspects such as system robustness, components used in testing-
including datasets, learning algorithms, and frameworks, as well as
test case generation and the different application domains explored.
An important distinguishing feature of this research is the emphasis
placed on ethical and fairness issues in the analyzed models. The
authors acknowledge that shortcomings in the representativeness
and organization of training data may result in biased models, capa-
ble of producing discriminatory or unfair decisions. This highlights
the need to consider not only the technical accuracy of models but
also their social impact.

With regard to test adequacy criteria, especially those related
to coverage, Zhang et al. [23] argue that traditional code coverage
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metrics, widely used in conventional systems, are ineffective for ML-
based applications. This is because, in such systems, the decision
logic is not explicitly implemented in the code, but rather embedded
in patterns learned from data. In this context, the authors refer
to studies that propose new approaches to address this challenge,
highlighting the contributions of [8, 14, 19], which explore coverage
criteria based on neuron activation in DNNs.

2.1 Coverage Criteria Applied to Artificial
Neural Networks

In traditional software development, code coverage criteria are
widely used as a metric to evaluate the quality and comprehensive-
ness of the tests applied to a system [2]. These techniques, known
as white-box, assume that the evaluator has access to the source
code and the internal structure of the application. However, this
logic does not directly apply to ML-based systems, whose func-
tionality is not explicitly coded, but learned from data during the
training process [7]. Given this paradigm shift, new coverage cri-
teria have emerged, specifically designed to address the particular
characteristics of these data-driven systems.

The first relevant initiative in this direction was presented by Pei
et al. [14], with the framework DeepXplore, which introduced the
concept of neuron coverage as an analogy to code coverage. This
metric evaluates which regions of a deep neural network are effec-
tively activated during test execution. To address the well-known
oracle problem, that is, the absence of a clear reference to judge
the correctness of the output, the authors employed differential
testing, comparing the behavior of different models for the same
input. Additionally, they demonstrated that the generation of test
inputs that maximize neuron coverage can be formulated as a joint
optimization problem, solvable using gradient-based methods.

Inspired by this work, Ma et al. [8] proposed DeepGauge, a frame-
work that extends the notion of coverage in DNNs. DeepGauge
introduces five new criteria, organized into two levels of analysis:
(i) neuron level and (ii) layer level. Three criteria evaluate individual
neurons, while the other two consider the collective behavior of
layers. By using multiple activation thresholds and expanding the
scope of evaluation beyond binary activations, DeepGauge provides
a more detailed analysis of the coverage achieved by the tests.

Building on these proposals, several works have continued ad-
vancing the definition of coverage metrics for ANNs, such as those
by [5, 6, 12]. More recently, Yuan et al. [22] proposed the Neural
Layer Coverage (NLC) criterion, which considers the layer, rather
than the individual neuron, as the minimum unit of analysis. NLC
incorporates variables such as continuity, correlation, distribution,
and density of activations, providing a more robust evaluation of
coverage. In addition, the authors established eight requirements
that, according to them, coverage criteria should satisfy, all of which
are met by NLC. In conducted experiments, this new criterion out-
performed previous approaches both in performance and in cover-
age.

Complementing this line of research, Xie et al. [21] proposed
two criteria focused on the analysis of paths and decision structures
within DNNs. The proposal differs by prioritizing interpretability,
a feature that is uncommon but highly desirable in opaque models
such as DNNGs. Inspired by classical structural testing techniques,
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the authors modeled decision graphs and defined critical paths
to evaluate coverage. The interpretation technique employed was
Layer-wise Relevance Propagation (LRP) [1], which makes it pos-
sible to identify the most relevant neurons in each layer during
image classification.

2.2 Decision Tree-Based Testing Criteria

Recent research has explored the use of DT models as a basis for
defining testing criteria and selecting test cases, showing promising
results [17, 18]. In the study conducted by Santos et al. [17], two
testing criteria were proposed for classification algorithms based
on DT. Both criteria start from the construction of a tree using
the dataset related to the problem under analysis. Once the tree
is generated, the criteria are applied to guide the selection of test
cases.

The first criterion, Decision Tree Coverage (DTC), is defined as
follows: "Given a decision tree model M, a test set T is considered
DTC-adequate if it traverses all paths from the root to each leaf at
least once" [17]. This criterion is inspired by the principles of control
flow graph coverage, widely used in white-box testing techniques
applied to conventional systems.

The second criterion, known as Boundary Value Analysis (BVA),
consists of: "Designing test cases that cover the boundary values
of decision nodes. This criterion requires the selection of values
that explore the lower and upper limits of each decision" [17]. It
is an adaptation of the homonymous criterion commonly applied
in functional testing, aiming to exercise sensitive regions of the
decision logic.

To satisfy DTC, the test set must contain at least one test case
that traverses each path of the tree, from the root to the leaves,
which implies, at minimum, one test per leaf. To satisfy BVA, it is
necessary to consider the decision boundaries at the internal nodes,
which often requires the creation of examples that go beyond the
original data. These boundary values are generally inferred based
on percentage variations relative to the split points observed in the
tree. As an illustration, consider the Iris dataset [3] and the decision
tree generated from it in Figure 1.

Table 1: Example of a DTC test case that satisfies the test
requirement of covering leaf node 16

sepal length sepal width petal length petal width class
6.3 33 6.0 2.5 2

Table 1 presents an example of a DTC test case that satisfies
the requirement of covering node 16, classified as class 2. Table 2
presents an example of a BVA test case for covering the same
node, generated by applying a 10% increase to the corresponding
thresholds.

Table 2: Example of an BVA test case that satisfies the test
requirement of covering leaf node 16

sepal length sepal width petal length petal width class
5.0 3.0 5.335 1.925 2
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Continuing this line of research, Silveira et al. [18] proposed
the Decision Tree Mutation Testing (DTMT) criterion, defined as
follows: "Given a decision tree, a test set is considered adequate for
DTMT if it produces divergent classifications across all generated
mutant trees." This criterion is based on the principles of fault-based
testing, widely used to reveal faults in traditional systems.

In DTMT, each mutant of the original tree represents a test
requirement. Mutations are implemented by replacing relational
operators (for example, changing "x < 5"to "x > 5") or by modifying
constants in decision nodes (such as changing X[0] = 1to X [0] = 2).
Considering the tree from the Iris dataset (Figure 1), the application
of four different operators to 8 decision nodes results in 32 mutant
trees. An example of one of these modified trees can be seen in
Figure 2.

Note that the modification applied to the decision tree shown
in Figure 2 consisted of replacing the relational operator < with
> at node 2, that is, the condition X[3] < 1.75 was changed to
X[3] = 1.75. In Figure 3, the constant 0.8 was replaced by 1.65 at
node 0, characterizing a mutation of the type constant replacement
with a valid alternative value [18].

The three criteria, DTC, BVA, and DTMT, demonstrated effec-
tiveness in selecting test cases, outperforming traditional sampling-
based approaches such as 10-fold cross-validation, especially in
terms of test coverage and diversity. However, it is important to
emphasize that these criteria were designed for symbolic classifica-
tion models and have not yet been validated in more complex tasks,
such as image classification.

This section presented an analysis of related work in the area
of ST for ML-based systems, with an emphasis on testing criteria
applied to ANNs and on approaches based on DT. However, no
studies were found that directly address the adaptation or appli-
cation of these DT-based coverage criteria to image classification
tasks. Therefore, this paper applies and evaluates the DTC criterion
for ML-based systems in the context of image classification.

3 Research Methodology

Currently, data production is growing exponentially, accompanied
by equally rapid advances in computational capacity. This scenario
has generated increasing interest, both in industry and academia,
in exploring available data. Consequently, ML models have been
widely adopted to solve problems across various domains. However,
such models are subject to errors and biases introduced through-
out multiple stages of development, which are not always easily
detectable. Validation, verification, and software testing activities
aim to reveal these defects before the system is deployed. Never-
theless, ML-based systems impose a new data-driven paradigm for
defining system behavior, which makes the direct application of
conventional testing techniques more challenging.

3.1 Experiment

The You Only Look Once (YOLO') model represents an innovative
approach to the task of object detection in images by reformulating
this traditionally complex task as a single regression problem. This
reformulation allows the model, given an input image, to simulta-
neously estimate the spatial coordinates of the bounding boxes and

Uhttps://docs.ultralytics.com/pt/


https://docs.ultralytics.com/pt/

SBES 2026, September 8-11, 2026, Sao Paulo, SP, Brazil

Pinto et al.

n°0
X[3] <= 0.8

/

n
X[2

/ =495 \

T~
o

ne2
X[3] <= 1.75

\

n°12
X[2] <= 4.85

n°4 n°7 n°13
X[3] <= 1.65 X[3] <= 1.55 X[0] <=5.95
n°5 n°6 n°8 n°9 n°14 n° 15
class 1 class 2 class 2 X[2] <= 5.45 class 1 class 2
n° 10 n° 11
class 1 class 2

Figure 1: Decision Tree generated from the Iris dataset. The features represented in the figure correspond to: x[0] = sepal length,

x[1] = sepal width, x[2] = petal length, x[3] = petal width
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Figure 2: Decision Tree generated from the Iris dataset with a mutation example — Relational operator replacement
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Figure 3: Decision Tree generated from the Iris dataset with a mutation example — Constant replacement

the corresponding probabilities associated with the classes of the
detected objects (Figure 4). This unification of the detection process
significantly contributes to reducing the computational complexity

involved, providing an efficient solution suitable for real-time appli-
cations. As a result, YOLO achieves substantially higher detection
rates than previous methods without significantly compromising
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recognition accuracy [15]. In addition to object detection, the YOLO
model also supports other computer vision applications, such as
image classification.

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 4: The YOLO detection system [15]

As mentioned, we surmise that t the DTC criterion is more
suitable for selecting test cases in ML-based systems compared to
random selection. This hypothesis stems from the fact that DTC
considers the internal structure of the model, in which decision
nodes significantly influence the model’s behavior, enabling the
selection of potentially more effective test cases by leveraging these
structural and informational characteristics. An experiment was
designed with the objective of answering the following Research
Question (RQ):

® RQ;: What is the effectiveness of test cases derived using
the DTC criterion compared to random test cases obtained
through 10-fold cross-validation?

3.2 Scope of the Experiment

The scope of the experiment is established based on the defini-
tion of its objectives, which were formulated according to the
Goal/Question/Metric (GQM) model [20], as described below:

Analyze the DTC criterion

for the purpose of evaluation

with respect to its effectiveness

from the point of view of the researcher

in the context of testing image classification models.

3.3 Hypothesis Formulation

It was established the expectation that the DTC approach would
present superior performance compared to random testing. Based
on this premise, RQ; was reformulated into the following hypothe-
ses:

e Null hypothesis (Hy): there is no difference in effectiveness
between DTC-derived test cases and random test cases.

o Alternative hypothesis (H;): there is a significant differ-
ence in effectiveness between DTC-derived test cases and
random test cases.

The main objective of this study is to analyze whether the DTC
criterion is capable of selecting more effective test cases. To this
end, it proposes the derivation of test cases that, when applied to
a decision tree-based model, satisfy the requirements established
by this criterion. Subsequently, these cases, considered adequate
according to DTC, are used to evaluate the performance of the
YOLO model.

More specifically, the YOLO model (version yolo26n-cls.pt?) is
implemented on the original dataset, corresponding to the training

Zhttps://docs.ultralytics.com/pt/tasks/classify/
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set. After training, this model is evaluated through the application
of test cases considered adequate according to the DTC criterion.
Subsequently, it is evaluated using the 10-fold cross-validation pro-
cedure.

In traditional software testing, the effectiveness of a criterion is
associated with its ability to select test cases that reveal faults. A
criterion C is considered more effective than a criterion C, when it
produces test inputs that identify more faults than those obtained
from C,. This concept also applies to our study. For a given model
M, if the performance is lower when evaluated with test inputs
derived from C; compared to those generated from Cs, then C; is
considered more effective than C,. Consider a metric, denoted by
f, used to measure the quality of a model M, and a test set T. The
score obtained by executing T on M, according to the metric f, is
expressed as f(M(T)). Therefore, f(M(T;)) < f(M(T;)) indicates
that Ty is more effective than T, according to the metric f, since T;
revealed more cases in which the model M fails than T, [18].

In this work, the metrics of accuracy, F;-score, recall, and pre-
cision were used as the basis for evaluating the obtained results.
The most relevant dependent variable for answering RQ; corre-
sponds to effectiveness, which is operationalized through the ML
performance metrics considered in this experiment.

3.4 Instrumentation

The Google Colaboratory (Google Colab?) environment was adopted
for conducting the experiment, a cloud-based platform that enables
the execution of Python? code directly in the browser. The L4 GPU
runtime type was used, in which the following resources are avail-
able: 53.0 GB of System RAM; 22.5 GB of GPU RAM; and 112.6 GB
of Disk. For data manipulation and analysis, the pandas® library was
used, and ML algorithms were implemented using the scikit-learn®
library, which is widely used for the development of ML models
[10].

The results of the experiment were compared based on four
performance metrics: accuracy, F;-score, recall, and precision. For
the F;-score, recall, and precision metrics, two different aggregation
methods were used: micro and macro averages. The variables used
in the calculation of the performance metrics are presented below:

e TP (True Positives): number of True Positives;
e TN (True Negatives): number of True Negatives;
o FP (False Positives): number of False Positives;
e FN (False Negatives): number of False Negatives.

Next, the equations of the adopted metrics are described, along
with their respective aggregation parameters:

e Accuracy
TP+TN
Acc = (1)
TP+TN + FP+FN
e Fi-score
2TP
=0 (@)
2TP + FP+ FN
e Recall P
R=—— 3)
TP+ FN

3https://colab.research.google.com/
“https://www.python.org/
Shttps://pandas.pydata.org/
®https://scikit-learn.org/stable/
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e Precision

TP
P=—— (4)
TP + FP

e Micro: Calculates the metrics globally by counting the total
number of true positives, false negatives, and false positives.
e Macro: Calculates the metrics for each label and obtains the
unweighted average. This does not take into account the

imbalance between labels.

3.5 Datasets

To investigate the proposed criterion, a sample composed of two
datasets available in TensorFlow Datasets’ was selected: Cassava®
[11] and DeepWeeds® [13]. Table 3 presents an overview of the
datasets.

The Cassava dataset consists of images of cassava plant leaves,
including healthy leaves and four disease conditions: Cassava Mo-
saic Disease (CMD), Cassava Bacterial Blight (CBB), Cassava Green
Mite (CGM), and Cassava Brown Streak Disease (CBSD). The dataset
comprises a total of 9,430 labeled images, organized into three sub-
sets: training (5,656 images), testing (1,885 images), and validation
(1,889 images). The distribution of samples across classes is imbal-
anced, as two diseases, CMD and CBSD, account for 72% of the total
images [11]. In this experiment, the training subset, consisting of
5,656 images, was used.

The DeepWeeds dataset consists of 17,509 images capturing eight
distinct species of weeds native to Australia, collected in their natu-
ral environment along with the surrounding vegetation. The species
considered are characteristic of rangelands distributed across dif-
ferent regions of the state of Queensland [13].

3.6 Execution

The experimental workflow consists of seven steps, the steps that
compose the experimental workflow are presented below:

(1) Environment Configuration - Google Colab using the L4
GPU runtime type;

(2) Dataset Download - Cassava and DeepWeeds;

(3) Sample Selection per Class - 50, 100, 150, 200 and 250;

(4) Embedding Extraction - Using the embed() function;

(5) Definition of the YOLOClassifier class - seed = 42, epochs =
50, batch = 32 and split = 0.1;

(6) Execution and Evaluation of Test Cases (DTC) - 10 runs and
average of the results;

(7) Execution and Evaluation of Test Cases
(10-fold cross-validation) - 10 runs and average of the results.

Before the test case selection stage, the data corresponding to
all analyzed datasets were imported into the Google Colab envi-
ronment using Python (version 3.12.121%). For each dataset, five
independent experiments were conducted. In each experiment, a
random selection of images belonging to all classes was performed
using the random!! library with the seed parameter set to 42, in
order to create subsets containing 50, 100, 150, 200, and 250 samples
per class. Subsequently, each subset was divided into two parts,

https://www.tensorflow.org/datasets
8https://www.tensorflow.org/datasets/catalog/cassava
https://www.tensorflow.org/datasets/catalog/deep_weeds
Ohttps://www.python.org/downloads/release/python-31212/
https://docs.python.org/3.12/library/random.html
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corresponding to the data used for training and their respective
associated labels.

The decision tree used in the application was built from the
embeddings!? extracted from the images belonging to each ana-
lyzed subset. These embeddings consist of dense, continuous, and
low-dimensional vector representations of originally discrete data,
functioning as a form of translation between perceptible image
features and the numerical representation used by computational
models. The extraction of these representations was performed
using the embed function provided by the YOLO model, produc-
ing a fixed-length representation with 256 features. The resulting
embeddings are organized into a tabular dataset together with the
corresponding image identifiers and class labels. The image identi-
fiers are retained only as metadata, allowing selected instances to
be mapped back to the original image files.

After generating the decision tree, a recursive procedure was
developed with the purpose of identifying all unique paths between
the root node and each leaf node, following the definition of DTC
criterion. Considering that each leaf is reached by a single path from
the root, it becomes possible to represent these paths individually.
Therefore, starting from the root and adopting a post-order traversal
strategy, in which the nodes of the right subtree are visited first,
followed by the nodes of the left subtree, the implemented recursive
approach allows for systematically tracking each distinct path to
the leaves. As a result, the procedure selects a set of test cases that
ensures coverage of all leaves present in the analyzed decision tree
model.

Each subset of images was used for training and evaluating the
YOLO model. The configuration adopted for the model considered
the following parameters: seed set to 42; epochs defined as 50; batch
size of 32; and a split ratio of 0.1. Both the training and evaluation
stages were conducted using 10-fold cross-validation. Finally, the
YOLO models were evaluated using test cases selected according to
the DTC criterion, and a comparison was then performed between
the results of these tests and those obtained from random selection.

4 Results

To answer the RQy, the feasibility of using a DTC-based approach
to guide the selection of test cases for ML models was investigated.
The motivation is to obtain a test set that negatively impacts the
performance of the evaluated model. The underlying hypothesis
is that it is possible to select stronger test cases by leveraging the
internal structure of decision tree models.

In this context, effectiveness was evaluated based on the impact
of the test cases on the predictive performance of the analyzed
model. The greater the negative impact on the model’s performance,
the more effective the test set was considered. In this study, random
testing corresponds to 10-fold cross-validation, a technique that
divides the dataset into 10 parts and repeats the training and testing
of the model 10 times, producing an overall performance estimate.

According to the results presented in Tables 4, 6, 8, and 10, the
evaluation of the YOLO models using test cases selected by the
DTC criterion revealed a significant reduction in predictive perfor-
mance across nearly all analyzed metrics. Considering the values of
accuracy, micro Fy-score, and macro F;-score, the results indicate

LPhttps://www.ultralytics.com/pt/glossary/embeddings
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Table 3: Overview of the datasets used in the experiment

Datasets  Samples Classes Samples per Class
Cassava 5,656 5 [466; 1,443; 773; 2,658; 316]
DeepWeeds 17,509 9 [1,125; 1,064; 1,031; 1,022; 1,062; 1,009; 1,074; 1,016; 9,106]

that test cases selected based on the DTC criterion produce more
challenging inputs.

4.1 Cassava

The experiments conducted with the Cassava dataset considered
five distinct classes: Cassava Bacterial Blight (CBB); Cassava Brown
Streak Disease (CBSD); Cassava Green Mite (CGM); Cassava Mosaic
Disease (CMD); and Cassava Healthy. For each experiment, balanced
subsets containing 50, 100, 150, 200, and 250 samples per class were
evaluated. The results presented in Tables 4, 5, 6, and 7 allow for
a direct comparison of the models’ performance when evaluated
using test cases derived from the DTC approach and from random
selection.

It is observed that the results associated with random selection
present higher values for all subsets. For the test cases selected
according to the DTC criterion, the improvement in accuracy from
0.56 to 0.74 and in macro F;-score from 0.40 to 0.62 stands out.
While random selection shows macro metrics close to the micro
metrics, suggesting more uniform performance, the results obtained
with DTC reveal variations across classes.

Increasing the number of samples per class leads to a growth in
structural complexity under the DTC criterion, as evidenced by the
increase in the average number of nodes, leaves, and paths. Despite
this, the execution time of the experiment using DTC was similar
to that of random selection, and the proposed criterion achieved
more efficient results while selecting fewer test cases.

4.2 DeepWeeds

The DeepWeeds dataset consists of nine classes: Chinee apple; Lan-
tana; Negative; Parkinsonia; Parthenium; Prickly acacia; Rubber vine;
Siam weed; and Snake weed. Similar to the previous experiment,
balanced subsets with 50, 100, 150, 200, and 250 samples per class
were considered. The comparison between DTC and random selec-
tion highlights consistent differences in the behavior of the metrics,
as presented in Tables 8, 9, 10, and 11.

In the selection of test cases following the DTC criterion, an
improvement in performance metrics is observed as the number
of samples increases, with accuracy ranging from 0.67 to 0.88 and
macro F;-score from 0.58 to 0.82. In random selection, a progressive
convergence between micro and macro metrics can be observed,
indicating more homogeneous behavior across classes. On the other
hand, the results obtained with DTC maintain differences between
these metrics throughout the experiments, suggesting a greater
ability of the approach to highlight class-specific classification dif-
ficulties. This aspect is particularly important in datasets with a
larger number of classes, such as DeepWeeds, where detailed per-
class performance analysis becomes essential.

Structural complexity also shows significant growth in the results
obtained using the DTC criterion, with a substantial increase in
the average number of nodes, leaves, and paths as the number of

samples per class increases. As in the Cassava dataset, DTC achieved
more efficient results using fewer test cases, while maintaining a
runtime similar to that of random selection.

Overall, random selection presents higher average metrics and
more stable behavior as the number of samples per class increases.
However, the results obtained through test case selection using the
DTC approach reveal greater sensitivity in identifying performance
variations across classes and across different data configurations.
Consequently, the results indicate that test cases derived using DTC
constitute an effective strategy to support performance analysis in
image classification tasks.

4.3 Hypothesis Testing

To verify whether the proposed criterion contributes to the selection
of more effective test cases in evaluating the performance of the
YOLO model, a two-tailed Wilcoxon signed-rank test was applied to
analyze differences in the central tendency of the metrics considered
in the experiment, specifically accuracy, micro F;-score, macro
F;-score, micro recall, macro recall, micro precision and macro
precision. Before performing the statistical tests, the normality
of the data was assessed using the Shapiro-Wilk test. The results
presented in Tables 5, 7, 9, and 11 indicated p-values lower than
0.05 in the Shapiro-Wilk test, leading to the rejection of the null
hypothesis of normality for the analyzed metrics.

The comparison between the approaches was conducted using
a two-tailed Wilcoxon signed-rank test for paired samples, since
the results obtained by DTC and by the random selection strategy
were generated under the same experimental conditions and using
the same subset sizes (50, 100, 150, 200, and 250 samples per class).
Therefore, each pair of observations represents results correspond-
ing to the same experimental scenario, differing only in the test
case selection strategy.

Based on the obtained results, it can be observed that the pro-
posed criterion is capable of selecting test cases that are statistically
different from those generated by the random selection strategy.
In general, the results indicate that the use of DTC significantly
impacts the analyzed performance metrics. The complete results
are presented in Tables 12 and 13 through the W-values and their
corresponding p-values.

For the Cassava dataset, it is observed that all analyzed metrics
present p-values below the significance level of 0.05. This result
indicates the rejection of the null hypothesis of equality between the
means, suggesting that there are statistically significant differences
between the results obtained with DTC and those generated by
the random selection strategy. In addition, the W-values indicates
that the results obtained with DTC are lower than those obtained
with random selection for all considered metrics. This behavior
can be observed both in metrics based on micro averages and in
metrics based on macro averages, with the latter showing even
larger differences.
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Table 4: Results of the Cassava dataset - DTC

Subsets Accuracy Fj-score (micro) Recall (micro) Precision (micro) Fj-score (macro) Recall (macro) Precision (macro) Nodes Leaves Paths Tests Time (min)
50 samples per class 0.56 0.56 0.56 0.56 0.40 0.37 0.49 102.4 51.7 51.7 3.9 8.69
100 samples per class 0.63 0.63 0.63 0.63 0.58 0.57 0.62 187.2 94.1 94.1 5.7 15.42
150 samples per class 0.64 0.64 0.64 0.64 0.51 0.56 0.54 278.2 139.6 139.6 9.3 21.2
200 samples per class 0.71 0.71 0.71 0.71 0.58 0.61 0.63 363.6 182.3 182.3 5.8 29.0
250 samples per class 0.74 0.74 0.74 0.74 0.62 0.64 0.67 437.2 219.1 219.1 5.5 35.48

Table 5: Descriptive statistics and normality tests of the Cassava dataset - DTC

Statistic Accuracy  F;-score (micro) Recall (micro) Precision (micro) F;-score (macro) Recall (macro) Precision (macro)

Max 0.74 0.74 0.74 0.74 0.62 0.64 0.67

Min 0.56 0.56 0.56 0.56 0.40 0.37 0.49

Mean 0.66 0.66 0.66 0.66 0.54 0.55 0.59

Std Dev 0.06 0.06 0.06 0.06 0.08 0.09 0.07
W=0.9520 W=0.9520 W=0.9520 W=0.9520 W=0.9354 W=0.9324 W=0.9526

Shapiro-Wilk (W) _ 0414 p=0.0414 p=0.0414 p=0.0414 p=0.0089 p=0.0068 p=0.0438

Table 6: Results of the Cassava dataset — 10-fold Cross-Validation

Subsets Accuracy Fi-score (micro) Recall (micro) Precision (micro) F;-score (macro) Recall (macro) Precision (macro) Tests Time (min)
50 samples per class 0.65 0.65 0.65 0.65 0.64 0.65 0.68 25 8.25
100 samples per class 0.72 0.72 0.72 0.72 0.71 0.72 0.74 50 15.27
150 samples per class 0.77 0.77 0.77 0.77 0.76 0.77 0.78 75 21.1
200 samples per class 0.76 0.76 0.76 0.76 0.76 0.76 0.77 100 28.84
250 samples per class 0.75 0.75 0.75 0.75 0.75 0.75 0.76 125 35.33

Table 7: Descriptive statistics and normality tests of the Cassava dataset — 10-fold Cross-Validation

Statistic Accuracy  F;-score (micro) Recall (micro) Precision (micro) F;-score (macro) Recall (macro) Precision (macro)
Max 0.77 0.77 0.77 0.77 0.76 0.77 0.78
Min 0.65 0.65 0.65 0.65 0.64 0.65 0.68
Mean 0.73 0.73 0.73 0.73 0.72 0.73 0.75
Std Dev 0.04 0.04 0.04 0.04 0.05 0.04 0.04
Shapiro-Wilk (W) W=0.8992 W=0.8992 W=0.8992 W=0.8992 W=0.9034 W=0.8992 W=0.9455
P p=0.0005 p=0.0005 p=0.0005 p=0.0005 p=0.0006 p=0.0005 p=0.0223
For the DeepWeeds dataset, a behavior distinct from that ob- values with DTC can be noted. In contrast, the macro-averaged
served for Cassava can be noted. For the accuracy, micro F;-score, metrics presented statistically significant differences, with DTC
micro recall, and micro precision, no statistically significant differ- consistently resulting in lower metric values than those obtained
ences were observed between the approaches (W = 423.0, p-value through random selection.
=0.0593). In these metrics, the results obtained with DTC tend to
be lower than those achieved with random selection. In contrast, 5 Discussion

for the macro-averaged metrics (macro F;-score, macro recall, and
macro precision), statistically significant differences were identified
(W = 244.0, p-value = 0.0001; W = 270.0, p-value = 0.0004; W =
253.0, p-value = 0.0002, respectively).

The results indicate that the DTC criterion selects more effective
test cases. For the Cassava dataset, all evaluated metrics presented
p-values below the significance level of 0.05, indicating statistically
significant differences between the results obtained with DTC and
those generated by random selection. In all cases, the results ob-
tained with DTC are lower than those achieved with the random
strategy, indicating that DTC selects more effective test cases for
this dataset. For the DeepWeeds dataset, no statistically significant
differences were observed for the accuracy, micro F;-score, micro
recall, and micro precision, although a tendency towards lower

To answer RQj, it was investigated whether the DTC criterion can
guide the selection of test cases in image classification. Since the
purpose of the criterion is to select test cases that differ from the
training data, it was assumed that test sets aligned with the DTC
criterion tend to lead to a reduction in the performance of the
evaluated model. It is considered that ML models have a higher
probability of error when exposed to unseen inputs or inputs that
are significantly different from those observed during training.

In this scenario, the effectiveness of the test inputs was evaluated
in relation to the dataset used for training the model. Effectiveness
was defined by the negative impact that the test data exert on
the predictive performance of the analyzed model. Therefore, the
greater the effectiveness of the test set, the greater the expected
degradation in the model’s performance. In this study, the so-called
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Table 8: Results of the DeepWeeds dataset — DTC

Subsets Accuracy Fj-score (micro) Recall (micro) Precision (micro) Fj-score (macro) Recall (macro) Precision (macro) Nodes Leaves Paths Tests Time (min)
50 samples per class 0.67 0.67 0.67 0.67 0.58 0.60 0.60 2028 1019 1019 5.1 13.88
100 samples per class ~ 0.89 0.89 0.89 0.89 0.78 0.8 0.78 3820 1915 1915 9.5 21.42
150 samples per class ~ 0.83 0.83 0.83 0.83 0.74 0.75 0.77 530.8 2659 2659 114 34.35
200 samples per class ~ 0.84 0.84 0.84 0.84 0.73 0.74 0.74 6922 3466 3466 6.2 424
250 samples per class 0.8 0.88 0.88 0.88 0.82 0.83 0.83 857.6 4293 4293 9.6 54.26
Table 9: Descriptive statistics and normality tests of the DeepWeeds dataset - DTC

Statistic Accuracy  F;-score (micro) Recall (micro) Precision (micro) F;-score (macro) Recall (macro) Precision (macro)
Max 0.89 0.89 0.89 0.89 0.82 0.83 0.83
Min 0.67 0.67 0.67 0.67 0.58 0.60 0.60
Mean 0.82 0.82 0.82 0.82 0.73 0.74 0.74
Std Dev 0.08 0.08 0.08 0.08 0.08 0.08 0.08

. . W=0.8858 W=0.8858 W=0.8858 W=0.8858 W=0.9170 W=0.8960 W=0.9124
Shapiro-Wilk (W)

p=0.0002 p=0.0002 p=0.0002 p=0.0002 p=0.0018 p=0.0004 p=0.0013

Table 10: Results of the DeepWeeds dataset — 10-fold Cross-Validation

Accuracy Fi-score (micro) Recall (micro) Precision (micro) F;-score (macro) Recall (macro)

Precision (macro) Tests Time (min)

Subsets

50 samples per class 0.81 0.81 0.81 0.81
100 samples per class 0.86 0.86 0.86 0.86
150 samples per class 0.87 0.87 0.87 0.87
200 samples per class 0.89 0.89 0.89 0.89
250 samples per class 0.91 0.91 0.91 0.91

0.80 0.81 0.83 45 12.75
0.86 0.86 0.87 90 21.19
0.87 0.87 0.87 135 34.12
0.89 0.89 0.89 180 41.92
0.91 0.91 0.91 225 53.84

Table 11: Descriptive statistics and normality tests of the DeepWeeds dataset — 10-fold Cross-Validation

Statistic Accuracy  F;-score (micro) Recall (micro) Precision (micro) F;-score (macro) Recall (macro) Precision (macro)
Max 0.91 0.91 0.91 0.91 0.91 0.91 0.91
Min 0.81 0.81 0.81 0.81 0.80 0.81 0.83
Mean 0.87 0.87 0.87 0.87 0.87 0.87 0.87
Std Dev 0.03 0.03 0.03 0.03 0.04 0.03 0.03

. . W=0.9353 W=0.9353 W=0.9353 W=0.9353 W=0.9424 W=0.9353 W=0.9473
Shapiro-Wilk (W)

p=0.0088 p=0.0088 p=0.0088 p=0.0088 p=0.0168 p=0.0088 p=0.0264

Table 12: The results of the two-tailed Wilcoxon signed-rank
tests for the Cassava dataset

Metric W p-value
Accuracy 340.5 0.0111
F;-score (micro)  340.5  0.0111
Recall (micro) 340.5 0.0111
Precision (micro) 340.5  0.0111
F;-score (macro)  176.0 <0.0001
Recall (macro) 197.0  <0.0001
Precision (macro) 200.0  0.0001

random tests correspond to the evaluation of the model using 10-
fold cross-validation. In this procedure, the model is trained using
subsets of the available data and subsequently evaluated on test
subsets.

The answer to RQ; is based on the metrics accuracy, micro F;-
score, macro Fy-score, micro recall, macro recall, micro precision
and macro precision, which are used as indicators of the effective-
ness of the test cases. The analysis of the accuracy values indicates

Table 13: The results of the two-tailed Wilcoxon signed-rank
tests for the DeepWeeds dataset

Metric W p-value
Accuracy 423.0  0.0593
F;-score (micro)  423.0  0.0593
Recall (micro) 423.0  0.0593
Precision (micro) 423.0  0.0593
F;-score (macro)  244.0  0.0001
Recall (macro) 270.0  0.0004
Precision (macro) 253.0  0.0002

that the DTC criterion selects more challenging test cases for the
model, Tables 4, 6, 8, and 10. As an example, for the YOLO model
trained on the Cassava dataset with 50 samples per class, the ac-
curacy value obtained during 10-fold cross-validation was 0.65.
However, when evaluated with test cases selected according to the
DTC criterion, the performance dropped to 0.56. In the case of the
DeepWeeds dataset with 50 samples per class, the accuracy value
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obtained under 10-fold cross-validation was 0.81, and when sub-
jected to test cases derived from DTC, the performance decreased
to 0.67.

The statistical analysis also reveals significant differences be-
tween the evaluated scenarios. Considering accuracy, there is a
statistically significant difference between DTC (mean = 0.66) and
random selection (mean = 0.73) on the Cassava dataset, Table 5
and Table 7. For the DeepWeeds dataset, the accuracy of DTC had
a mean of 0.82, while random selection achieved 0.87, Table 9 and
Table 11.

Table 12 presents the results obtained for the Cassava dataset,
the micro F;-score and macro F;-score metrics resulted W-values of
340.5 and 176.0, with p-values of 0.0111 and <0.0001, respectively.
Similarly, for the DeepWeeds dataset (Table 13), the W-values were
423.0 and 244.0, with p-values of 0.0593 and 0.0001, respectively.

These results indicate that the DTC criterion can guide the se-
lection of test cases based on existing data, transformed into the
internal representation of decision tree models. This process helps
reveal incorrect model behaviors, that is, situations in which ML
models fail to produce correct predictions for different test inputs.

6 Threats to Validity

The experiments were conducted using balanced subsets containing
different numbers of samples per class, which may influence the
behavior of the observed performance metrics. In addition, the
training and evaluation of the YOLO model'® depend on specific
parameters and conditions that may impact the obtained results.

The goal of this study was not to optimize hyperparameters but
to compare test-selection strategies under controlled conditions.
The subsets (50, 100, 150, 200, and 250 samples per class) were
chosen to evaluate DTC across different dataset sizes while respect-
ing the computational limits of the Google Colab L4 GPU runtime
type. The model was trained for 50 epochs because preliminary ex-
periments showed performance stabilization. All parameters were
kept identical across experiments to ensure a fair comparison be-
tween DTC and 10-fold cross-validation. Therefore, the observed
differences are attributable to the test-selection strategy rather than
variations in model configuration.

The effectiveness was measured using metrics widely employed
in the evaluation of ML models, such as accuracy, F;-score, recall,
and precision. Although these metrics are suitable for the quantita-
tive analysis of performance in classification tasks, they may not
fully capture qualitative aspects related to the model’s behavior in
specific scenarios.

The results of this study were obtained from experiments con-
ducted on two datasets, i.e.,Cassava and DeepWeeds. Despite dif-
ferences in the number of classes and the visual variability of the
images, we cannot rule out that these findings may not generalize to
other contexts, application domains, or machine learning model ar-
chitectures. The effectiveness of the DTC criterion may vary when
applied to datasets with different characteristics, varying levels of
imbalance, or greater visual complexity.
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7 Conclusion

This study investigates the effectiveness of the DTC criterion for
selecting test cases in the evaluation of image classification models,
considering its application in comparison with the 10-fold cross-
validation procedure. The model analyzed throughout the exper-
iments corresponds to the YOLO architecture, subsequently fine-
tuned on the Cassava and DeepWeeds datasets. The evaluation is
primarily centered on the F;-score, which serves as the main perfor-
mance metric. To the best of our knowledge, this study represents
the first systematic investigation of the DTC criterion in the context
of testing image classification models. The DTC criterion leverages
the internal structure of a machine learning model (i.e., decision
trees) to derive test cases that can be used to evaluate image classi-
fication systems. By adapting this criterion to a domain in which
it has not previously been applied, this study contributes novel
empirical evidence regarding its effectiveness relative to randomly
selected test data.

The results observed on the Cassava and DeepWeeds datasets
indicate that test cases derived according to the DTC criterion en-
able a more detailed characterization of the model’s behavior under
different experimental configurations. The application of test cases
derived using the DTC criterion revealed significant differences
compared to randomly selected test cases. Therefore, the obtained
results indicate that the DTC criterion constitutes a relevant strat-
egy to complement traditional evaluation approaches in ML, such
as cross-validation.

As future work, the investigation of the application of the DTC
criterion in object detection tasks using the YOLO model is high-
lighted. In this context, the aim is to analyze the effectiveness of
the approach in evaluating models capable of simultaneously per-
forming localization and classification of multiple instances within
the same image, thereby expanding the understanding of the cri-
terion’s potential in more complex scenarios and under different
experimental configurations.
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