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Introduction

Taxonomy seeks to identify organisms, providing 
information on the names and distribution of species (Bicudo, 
2004). Although it is a very traditional and consolidated 
discipline, a reflection on the ant scenario appears necessary.

There are more than 14.328 valid ant species names 
throughout the World (https://antcat.org), consulted on 
24/03/2025). Therefore, for many ant genera, it is not easy to 
find a specialist able to help identify some taxa (Martins-Da-
Silva, 2014).
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Sometimes, taxonomic analysis based on morphological 
characteristics is insufficient to understand a group. When 
there is no recent revision of a species group, it will be 
challenging to conduct scientific studies on it (Senna & 
Magrin, 1999).

A good example of this is the subfamily Ectatomminae, 
which has undergone several changes over the years in terms 
of species and genus composition, based on phylogenetic 
relationships, resulting in significant changes to its 
classification (Emery, 1798; Bolton, 2003; Ouellette et al., 
2006; Moreau et al., 2006). 
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The genus Ectatomma (Smith, 1858) comprises 15 
registered species, of which 10 occur in Brazil and are found 
in various environments, ranging from forests to savannas 
(Baccaro et al., 2015). Their diversity is underestimated due 
to insufficient sampling, and some species are cryptic (Delabie 
et al., 2015). They are generalists, polyphagous, and feed 
on annelids, a range of arthropods, and even on other ants 
(Fernández, 1991); they also rarely feed on flower nectaries 
(Oliveira & Pie, 1998). Most of them nest in the ground, but 
they can also form colonies in damp logs (Del Valle et al., 2009).

They have different reproductive strategies, such as 
monogyny and polygyny, as well as microgynes (small-sized 
queens associated with standard-sized queens) (Baccaro et 
al., 2015).

It is already known that species groups can irradiate in 
response to genetic and environmental differences (Nijhout & 
Davidowitz, 2003), producing similar phenotypes, undergoing 
mutations, and deviating from their morphological pattern 
under normal conditions (Pélabon et al., 2010).

Regarding the difficulties encountered by the taxonomy 
of these ants, and to speed up the identification process, 
Artificial Intelligence and the field of Machine Learning (ML) 
emerge, which allows studying and providing models so that 
machines can suggest specific behaviors that can be used to 
solve taxonomic problems (Pacola, 2021; Welchen, 2019).

Machine Learning (ML) is a system that trains a 
predictive model to identify patterns in input data (Rocha 
et al., 2023). This model is used to make predictions based 
on unknown data, allowing algorithms to learn and improve 
their performance without the need for explicit programming 
(Chandrashekar et al., 2023; Ale Ebrahim Dehkordi et al., 
2023; Estrela et al., 2023).

Regarding ant taxonomy, a few studies align with this 
line of research, utilizing machine learning as a tool for 
identification. We can mention Wang and Liang (2012), 
Marques (2018), Santos et al. (2023a,b), who developed lines of 
research applying artificial intelligence to identify ant species.

One of the subareas of ML is supervised learning, 
through which a database is used containing characteristics 
associated with labels, which represent the expected response 
based on the inputs provided (Marques, 2018). Thus, the 
system learns by comparing expected responses and predicted 
values, using an error measure to evaluate the differences 
between the provided output and the expected value.

To facilitate and accelerate the identification process, 
this study aimed to automate the process of identifying ant 
species from the genus Ectatomma using Machine Learning as 
a tool, to verify whether it is possible to make the identification 
process more efficient and reduce gaps in their taxonomy.

Material and Methods

The Formicidae specimens were obtained from the 
collection of the Zoology Laboratory at the Universidade do 

Estado da Bahia (UNEB), Campus II, Alagoinhas, Bahia, from 
studies conducted in the Northern and Agreste Coast Identity 
Territory of Bahia (Território de Identidade Litoral Norte e 
Agreste da Bahia), from 2011 to 2023. Three ant species were 
used: Ectatomma opaciventre (Roger, 1861), Ectatomma 
edentatum (Roger, 1863), and Ectatomma tuberculatum 
(Olivier, 1792), 30 individuals of each, due to their abundance 
in the region.

The ant metrics followed the standard indicated by 
Silva-Freitas (2015), which suggests the parameters that should 
be analyzed. Three analyses were performed to differentiate a 
more general identification, which can be used for any ant, and 
two analyses using more specific parameters of the genus. 

The parameters chosen for the genus in question were 
the following generic traits: a- head length, b- head width, 
c- antenna, d- interocular distance, e- eye length, f- eye width, 
g- dorsal mesosome, h- lateral mesosome, i- dorsal gaster, j- 
lateral gaster, k- dorsal petiole, l- lateral petiole, m- femur, and 
n- tibia, for the first data analysis. For the second analysis, the 
same 14 parameters were used, including four more parameters 
specific to the genus, namely: Weber distance (the longest rigid 
axis of an ant’s body), presence of spines, distance between 
spines, and the height of the three-quarters (¾) portion of the 
petiole, which consists of reading and measuring the upper 
part of an ant’s petiole. In the third analysis, only these four 
group-specific parameters mentioned above were analyzed 
to compare the intermediate results and observe how the 
algorithms behave with different numbers of parameters. 

Ant morphometrics were determined using a 
stereomicroscope with a camera attached to an HD LITE 
1080P equipment, using Capture 2.3 software for photo 
capture and measurements. The programming language 
used for other analyses was Python, using the Jupyter 6.4.12 
notebook.

Taxonomic keys for the genera Ectatomminae were 
based on Camacho et al. (2022) and for the species Ectatomma, 
according to Kugler and Brown (1982) and Bolton (1995).

The dataset was constructed from manually obtained ant 
measurements using a 0.5 mm scale on the stereomicroscope. 
Therefore, much of the machine learning preprocessing phase 
could be eliminated, as there were no missing data records. 
A normalization process was performed to enhance model 
accuracy and facilitate the visualization of trait correlations. 
Different models were then selected, tested, and a comparative 
analysis was performed based on the success or failure of each 
model on the dataset. The models included: Logistic Classifier, 
Stochastic Gradient Descent, Random Forest Classifier, 
k-Nearest Neighbors (KNN), Decision Tree Classifier, 
Support Vector Classification, and Gaussian Naive Bayes.

The algorithms were simulated in their standard version, 
meaning that no calibration or alterations were made to their 
internal parameters. The dataset was divided into 70% for 
training and 30% for testing. The data were then normalized 
to avoid potential biases or distortions in the results.
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The models’ performance in identifying ants will be 
evaluated using metrics such as accuracy, precision, recall, 
F1-score, ROC curve, scatter plots, and correlation matrices.

Results

In the first analysis, with 14 parameters, all models 
adapted very well to the data set. Overall, only two models 
did not achieve 100% accuracy. Even so, their accuracy 
was above 80%, which, for the scenario in question – ant 
classification – is a desirable value (Table 1).

Data analysis revealed that all models performed well 
on ant classification, with most achieving 100% accuracy. 
The results obtained for the decision tree and random forest 
models were very similar to those reported by Gnoatto (2023), 

who achieved 96% accuracy in predicting customer churn in 
service organizations.

In this scenario, 5 out of the seven algorithms used 
achieved 100% accuracy. This indicates that, based on this 
criterion, these algorithms classified the ants with complete 
accuracy, without any errors. 

Prediction with custom hyperparameters demonstrated 
satisfactory results for the Scikit-learn library methods, 
resulting in improvements in 68 of the 120 performances 
analyzed. The Random Forest model stood out as the best 
performer, which can be attributed to its intrinsic nature of 
reordering the data to optimize the final result.

Figure 1 illustrates the performance of the algorithms 
using the ant dataset, with model accuracy as the metric. 
However, for a more comprehensive assessment of the 

Model Training Test Prediction
Logistic Classifier 100% 100% 100%
Stochastic Gradient Descent 100% 93% 93%
Random Forest Classifier 100% 100% 100%
K-Nearest Neighbors 100%  93% 93%
Decision Tree Classifier 100% 100% 100%
Support Vector Classification 100%  93% 93%
Gaussian Naive Bayes 96.72% 100% 100%

Source: Author’s collection.

Table 1. Training, testing, and prediction reference values for supervised algorithms 
used to classify ants of the genus Ectatomma.

Fig 1. Simulation of the accuracy of supervised models used to classify ants from the genus Ectatomma. 
Source: Author’s collection.
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efficiency and assertiveness of the classification algorithms, 
in addition to accuracy, Table 2 was created, which presents 
the main classification metrics.

Once again, the results were similar to those 
previously reported, with the algorithms demonstrating good 
performance in precision, recall, f1-score, and roc score. This 
reaffirms their effectiveness in classifying ants. In this case, the 
models were rerun to generate results applicable to all metrics 
simultaneously. It was found that the results differed slightly 
from those previously presented (Gaussian and KNN).

As supported by Chaugan (2022), regarding accuracy 
in this case, five out of the seven algorithms used achieved 
100% accuracy, which implies that, based on this score, these 
algorithms did not make any errors during classification.

Despite the results presented, a study was conducted 
to identify the most correlated features/parameters, that is, the 
best features for the Machine Learning process, especially for 
building data visualization.

Two approaches were used to determine the optimal 
number of ant attributes to use as research parameters:

a) Recursive Feature Elimination (parameters) with
Cross-Validation (RFECV) with linear regression;

b) Recursive Feature Elimination (RFE) with linear
SVC. Both approaches suggested that the optimal number of 
features is seven out of the 14 attributes in the dataset. The 
linear SVC simulation is illustrated in Figure 2 below.

Since one of the objectives of this work was to 
facilitate manual taxonomy, it was determined that measuring 

Model Accuracy_score Precision_score Recall_score F1_score Roc_auc_score 
Logistic Classifier 81.48% 82.48% 71.42% 66.66% 78.21%
Stochastic Gradient Descent 85.18% 85.18% 71.42% 71.42% 80.71%
Random Forest Classifier 100% 100% 100% 100% 100%
K-Nearest Neighbors 100%   100%              100% 100%  100%  
Decision Tree Classifier 100%   100%   100%  100% 100% 
Support Vector Classification 100%   100%  100%  100%  100% 
Gaussian Naive Bayes 100%   100%   100%   100%  100%  

Source: Author’s collection.

Table 2. Evaluation metrics for supervised algorithms, using computational metrics to measure the performance of supervised algorithms.

Fig 2. Feature Selection Verification, using RFE number ideal for seven features. 
Source: Author’s collection.
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14 parameters per species was unnecessary. Ideally, seven 
traits should be used, as after eight traits, there is no change in 
algorithm performance due to trait collinearity.

Based on this information, a correlation matrix was 
created, and subsequently, the correlations were pivoted using 
the ‘unstack’ function, grouping the traits pairwise according 
to their respective correlations. Thereafter, the seven traits 
with the highest pivot values ​​were then sorted and selected, 
pair by pair (Figure 3).

The detected traits were: interocular distance, head 
width and length, mesodorsal and mesolateral, dorsal and 
lateral gaster, and antenna. Note that seven attributes are still 
a relatively large number to include in a single visualization, 
making it difficult to understand the data. Therefore, to 
improve the analysis of these cause-and-effect relationships, 
Figure 4 was created with only the first two most closely 
related attributes.

Fig 3. Correlation matrix of the seven ant traits with the highest reference value for identification using supervised algorithms 
Source: Author’s collection.

Fig 4. Correlation matrix using two traits that were most correlated in the matrix. 
Source: Author’s collection.
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As illustrated in the figure, interocular distance and 
head width were the traits that showed the highest correlation. 
This result indicates a good clustering in the distribution of 
these measurements, justifying the inclusion of these variables 
in the group of best features.

Although the seven attributes (Table 3) are considered 
the best features, including only these in the database resulted 
in a decrease in model accuracy. This indicates that the 
model’s quality depends on the use of the other features. In the 
context of taxonomy, this means that the three characteristics 
identified by the model as most important are not sufficient to 
delimit the species.

Comparing the data in Tables 1 and 3 reveals a 
decrease in the performance of some algorithms. However, 
three algorithms maintain 100% accuracy, and the others 
exceed 96%, values still considered satisfactory, with only 

two being deemed inadequate (with performance below 
70%). This change is attributed to the reduced data volume 
in the dataset used.

In machine learning, the quality of results improves 
with the amount of data provided. However, the results 
obtained indicate that seven features are sufficient to achieve 
satisfactory performance, with 96% accuracy, which is 
statistically close to 100%. Considering the study’s objectives, 
a crucial aspect is the reduction of the intensive manual labor 
inherent in taxonomy.

Table 4 presents the results obtained by introducing 
four additional parameters into the analyses, totaling 18 
measured features. These new parameters are specific to 
the species group of the genus Ectatomma and were added 
to observe the algorithms’ behavior when faced with more 
specific data from the group.

Model Accuracy_Score Precision_score Recall_score F1_score
Logistic Classifier 100% 100% 100% 100%
Stochastic Gradient Descent 100% 100% 100% 100%
Random Forest Classifier 100% 100% 100% 100%
K-Nearest Neighbors 100% 100% 100% 100%
Decision Tree Classifier 100% 100% 100% 100%
Support Vector Classification 96.29% 96.75% 96.29% 96.29%
Gaussian Naive Bayes 100% 100% 100% 100%

Source: Author’s collection.

Model Training Test Prediction
Logistic Classifier 78.68% 66.66% 66.66% 
Stochastic Gradient Descent 73.77% 62.96% 62.96%
Random Forest Classifier 100% 100% 100%
K-Nearest Neighbors 96.36% 96.29% 96.29%
Decision Tree Classifier 100% 100% 100%
Support Vector Classification 98.36% 96.29% 96.29%
Gaussian Naive Bayes 98.36% 96.29% 96.29%

Source: Author’s collection.

Model Training Test Prediction

Logistic Classifier 100% 100% 100%

Stochastic Gradient Descent 100% 100% 100%

Random Forest Classifier 100% 100% 100%

K-Nearest Neighbors 100% 100% 100%

Decision Tree Classifier 100% 93% 93%

Support Vector Classification 100% 100% 100%

Gaussian Naive Bayes 100% 100% 100%

Source: Author’s collection.

Table 4. Accuracy of models using 18 traits.Table 3. Evaluation metrics for supervised algorithms, using only 7 
of the most correlated traits. 

The identification of these species achieves optimal 
performance when analyzing both generic and specific features, 
with 18 features appearing to be the ideal number for this type 
of identification. This indicates that automated identification, 
utilizing machine learning algorithms, is more efficient when 
analyzing a more complex dataset with additional information 
about the group under examination. In the context of machine 
learning, a system’s inference capability on a dataset is 
directly proportional to the amount of information provided 
for its training. Figure 5 shows the accuracy of the models. 
Based on these results, other evaluation metrics are verified, 

allowing inferences about their results to remain consistent 
across other indices (Table 5).

This evaluation shows an improvement in the model’s 
accuracy, precision, recall, and f1-score. When compared to 
the initial analysis, it is important to note that the behavior of 
each algorithm varies depending on the number of parameters. 
Specifically, SVC achieved 100% performance with 14 features, 
but showed a slight drop with 18, the reason for this behavior 
remaining unclear. In machine learning projects, it is essential 
to consider a trial-and-error approach. Adding or removing 
features and modifying the dataset can significantly influence 
the algorithm’s behavior and performance.

Table 5. Model checking supervised, using other computational metrics to measure the performance of algorithms using 18 traces.
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Figure 6 reveals consistently strong and positive 
correlations among the 18 features analyzed. All the matrices 
constructed demonstrate a pattern where an increase in one 
variable is accompanied by an increase in all others, with few 
exceptions to this general trend.

Figure 7 clearly demonstrates the mathematical values ​​
that establish the correlation between the parameters. This 
study was limited to correlation analysis, without advancing 
to regression, as the objective was not to determine the 
significance of the factors; consequently, there was no in-
depth analysis of null models. Future studies could explore 
regression and employ additional evaluation metrics to 
enhance the understanding of this phenomenon further.

Considering that a correlation is significant at 0.3 and 
that values close to 0 indicate little correlation, while values 
close to 1 indicate a more perfect relationship, it is surprising to 
note that Figure 7 shows that the distance parameters between the 
spines and the petiole¾ have values below 0. This demonstrates 
the absence of any correlation between these traits, making 
it impossible to prove their relationship. Taxonomically, this 
lack of correlation may be indicative of the traits that define 
the specificities of each species within the group. 

Generally, values above 0.3 indicate that most 
parameters are highly correlated with each other. Antenna/
head width; interocular distance/head length; head width/
lateral and dorsal mesosome; interocular distance/dorsal 
gaster; eye/with femur and tibia;meso gaster/dorsal lateral; 
dorsal mesosome with dorsal gaster; dorsal petiole with 
lateral petiole; and femur with tibia were those that showed 

Model Training Test Prediction
Logistic Classifier 100% 100% 100%
Stochastic Gradient Descent 100% 100% 100%
Random Forest Classifier 100% 100% 100%
K-Nearest Neighbors 100% 100% 100%
Decision Tree Classifier 100% 100% 100%
Support Vector Classification 100% 100% 100%
Gaussian Naïve Bayes 100% 100% 100%

Source: Author’s collection.

the highest correlation with each other. The most correlated 
are precisely the most generic, as indicated in the feature 
selection graph, which shows them as the most correlated 
when analyzing the 14 generic parameters: antenna, head 
width and length, interocular distance, dorsal and lateral 
mesosome, dorsal and lateral gaster, eyes, femur, and tibia. 
A correlation close to 1 between the values indicates that 
they increase simultaneously, which is in agreement with the 
results presented in Figures 7 and 5 of the previous matrices. 

Finally, to evaluate the algorithms’ behavior, we 
analyzed their performance using only four specific parameters: 
the distance between spines on the ant’s pronotum, the height 
of the petiole at three-quarters (¾), the Weber distance 
(measurement of the longest rigid axis of the ant’s body), and 
the presence of isolated spines, separated from the general 
parameters. The results obtained are presented in Table 6.

Fig 5. Accuracy of supervised models, used to classify ants of the genus Ectatomma, using 18 features. 
Source: Author’s collection.

Table 6. Training, testing, and prediction reference values for 
the supervised algorithms using four specific parameters for the 
Ectatomma genus.
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The performance analysis of the algorithms, using 
only the four genus-specific parameters under study, revealed 
significant benchmark values. 

A general analysis of the results shows that using a 
smaller, more specific set of parameters for a given group is 
more efficient than using 14 general parameters applicable to 
all ants. The combination of the 14 general parameters with 
the four specific parameters results in performance virtually 
identical to that obtained using only the four specific parameters.

Finally, the final matrix (Figure 8), which utilizes only 
the four genus-specific traits, reveals a stronger correlation 
between the species E. opaciventre and E. tuberculatum in 
relation to the analyzed traits. This finding is consistent with 
the morphology of these species. When consulting their 
identification keys, it is observed that both share more similar 
characteristics, such as the presence of spines, which are 
absent in E. edentatum, for example.

Discussion

Based on the accuracy achieved in classifying ants in 
this study, and considering the suitability of all models for 
this purpose, it can be concluded that the use of supervised 
algorithms is an acceptable approach for identifying the studied 
species, as the models demonstrated 100% accuracy.

Similarly, Wang & Liang (2012) also employed 
supervised algorithms to develop a new automated system 
for identifying insect images. Using digital image progression 
methods and Support Vector Machines (SVMs), the model 
achieved 93% accuracy in tests with nine common insect 
orders and suborders, including ants.

The use of models such as Decision Trees, Random 
Forests, Linear Regression, and Logistic Regression demonstrated 
satisfactory results in modeling river basins. Among these, 
the Decision Tree model stood out for its data predictability 

Fig 6. Correlation matrix of the 18 ant traits with the highest reference value for identification using supervised algorithms. 
Source: Author’s collection.
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Fig 8. Correlation matrix using only the four specific traits of the Ectatomma genus that were most correlated in the matrix. 
Source: Author’s collection.

Fig 7. Correlation between variables (traits) of the ant dataset for 18 traits.  
Source: Author’s collection.
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(Azevedo-Silva et al., 2023). Random Forest also demonstrated 
better overall performance in Takáo (2023), specifically in 
evaluating the individual probability of a confirmed diagnosis 
of Inborn Errors of Immunity (IEI). Both algorithms were also 
considered among the best-performing models for Ectatomma 
classification.

In Freitas et al. (2023), the Decision Tree and Support 
Vector Classification (SVM) algorithms outperformed Naive 
Bayes and k-nearest neighbors (KNN), with the Decision Tree 
presenting the best results. Similarly, in Jacinto (2023), when 
analyzing electrical behaviors, Random Forest demonstrated 
superior performance, followed by Decision Tree.

The models Random Forest, Xgboost, Support 
Vector Classification SVM, and a neural network were used 
to analyze the occurrence of yellow fever in Minas Gerais. 
They showed that Random Forest performed best, along with 
Support Vector Classification SVM (de Lourdes, 2023). The 
confusion matrices for the Decision Tree, KNN (k-nearest 
neighbors), Naive Bayes, and SVM (Support Vector Machine) 
algorithms (Freitas, 2023) showed overall performance below 
70%, which differs from our results. The author explained that 
this low performance is due to the small number of samples 
used to explain the phenomenon, and that a larger dataset will 
be necessary to improve the algorithms’ performance.

When comparing the performance of nine machine 
learning models to identify the best-performing model in 
credit analysis (Lopes et al., 2023), it was found that the 
following models achieved the following accuracies: Logistic 
Regression, 87.68%; KNN, 88.41%; and SVM, 91.74%. These 
values are close to those found in this work. 

The results obtained in this research were consistent 
with those of other authors, corroborating the effectiveness 
of supervised algorithms in automating tasks and identifying 
patterns. This is especially true for tree-structured algorithms, 
which, by their nature, perform rearrangements to improve 
classification and identification of the database.

The results of this study confirm two main conclusions: 
1) In the field of Machine Learning, the accuracy of responses
is directly proportional to the size of the dataset used for
training; 2) When working with ant databases, it is more
effective to measure specific characteristics of the group
under study, as using generic traits results in a less satisfactory
response than exploring the specificities of each species.

It is essential to emphasize that there is no “right” or 
“wrong” method for developing group identification through 
supervised algorithms. It is an iterative process of trial and 
error, aimed at discovering the most suitable models and 
optimal parameters for the analysis.
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