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This study investigates the emissions of biogenic volatile organic compounds (BVOCs) in 
an Atlantic Forest fragment and examines their correlation with abiotic factors. Despite its rich 
biodiversity, the Atlantic Forest remains under threat and lacks extensive research on BVOC 
emissions. Using supervised learning methods (including traditional Partial Least Squares 
Discriminant Analysis (PLS-DA), PLS-DA with bootstrap resampling, and Support Vector Machine 
Ensemble (SVM ensemble) 10 BVOCs were analyzed and correlated with environmental variables. 
The results reveal emission patterns linked to abiotic conditions, with the models achieving high 
classification accuracy. The variables α-pinene, linalool, and isobornyl acetate contribute more 
significantly to evening/morning samples, whereas temperature and wind gusts contribute more 
to afternoon samples. The PLS-DA and SVM ensemble models demonstrated effective sample 
classification, with minimal misclassification errors. The PLS-DA bootstrap model enhanced the 
robustness and reliability of sample classifications, confirming the consistent and distinct differences 
between sample classes. To the best of our knowledge, this is the first study to apply the SVM 
ensemble method to BVOCs in air samples and their correlation with abiotic factors, highlighting 
its potential to enhance the understanding of atmospheric dynamics and inform conservation 
strategies for the Caparaó region and other similarly threatened biomes.
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Introduction

The Atlantic Forest is a tropical rainforest that, despite 
covering only 0.8% of the total surface of the Earth, is 
home to over 5% of vertebrate species of the world.1-4 

This is one of the most endangered biomes, primarily due 
to deforestation driven by agriculture, urbanization, and 
logging.5-7 Alterations to the natural cycles of forests directly 
impact atmospheric composition, climate conditions, and 
the maintenance of life on Earth. The atmosphere of Earth 

contains various volatile organic compounds (VOCs) 
from biogenic sources (such as vegetation, soil, algae, and 
bacteria) and anthropogenic sources (including biomass 
burning, fossil fuel combustion, industrial facilities, and 
others).8-12

The emission rate of biogenic volatile organic 
compounds (BVOCs) by plants varies significantly 
depending on factors such as plant species, leaf density, 
specific leaf area, plant metabolism, and abiotic factors 
like temperature, humidity, solar radiation, seasonality, and 
atmospheric pollution.13 Over the past 20 years, intensive 
studies14-17 have been conducted in the Amazon Rainforest 
to evaluate the various BVOCs emitted by forest soil, 

This is an open-access article distributed under the terms of the Creative Commons Attribution License.

https://orcid.org/0000-0001-5252-586X
https://orcid.org/0000-0003-4809-4774
https://orcid.org/0000-0002-5299-564X


2 of 10

Assessing Emissions of Biogenic Volatile Organic Compounds and Their CorrelationFigueiredo et al.

J. Braz. Chem. Soc. 2025, 36, 8, e-20250050

the canopy, and during dry conditions that lead to leaf 
senescence. However, the literature reveals a lack of similar 
studies focused on the Atlantic Forest biome, emphasizing 
the need for greater attention to assessing the behavior of 
BVOCs in response to abiotic factors and climate change.3,10

Given the complexity of results from BVOC emission 
studies, supervised learning has become increasingly 
relevant for data analysis. Although several studies employ 
advanced chemometrics to assess atmospheric emissions 
and air pollution events, few have applied this tool to assess 
BVOCs in the atmosphere.18,19 Saminathan and Malathy,20 

along with Azid et al.,21 applied supervised learning methods 
to classify particulate matter (PM) concentrations across 
various locations. The data were analyzed using Partial 
Least Squares Discriminant Analysis (PLS-DA), Support 
Vector Machine (SVM), Random Forest (RF), and Linear 
Discriminant Analysis (LDA). Ayesha et al.22 analyzed the 
impact of air pollution on health in Middle Eastern countries, 
aiming to establish correlations between pollution levels and 
health outcomes, such as mortality and disability-adjusted 
life years. The authors employed tools such as Autoregressive 
Integrated Moving Average  (ARIMA), Artificial Neural 
Networks (ANNs), and Support Vector Machine (SVM) to 
classify the data. With respect to BVOCs in the atmosphere, 
Wyche et al.23 were the first to use multivariate data analysis 
on simultaneous gas- and particle-phase composition 
data obtained from environmental simulation chamber 
experiments focused on BVOC photooxidation and 
associated secondary organic aerosol (SOA) formation. This 
study relied solely on traditional chemometric techniques, 
including Principal Component Analysis (PCA), Hierarchical 
Cluster Analysis (HCA), and PLS-DA. The results provided 
valuable insights into the biological sources of BVOCs, and 
the identification of unknown compounds formed through 
oxidative chemical reactions in the atmosphere. However, no 
studies have yet applied machine learning to assess BVOCs 
emitted in forest atmospheres.

The present study aims to assess the behavior 
of 10 BVOCs emitted by plant species in the Legal 
Reserve of the Polo de Educação Ambiental da Mata 
Atlântica  (PEAMA  -  IFES) fragment. To achieve this, 
various supervised learning methods (including traditional 
PLS-DA, PLS-DA with bootstrap resampling, and SVM 
ensemble) were applied to assess the correlations between 
emitted BVOCs and abiotic factors such as temperature, 
wind speed and gusts, relative humidity, and atmospheric 
pressure. The analysis of the collected samples enabled 
the identification and pattern formation associated 
with the emissions. Finally, this approach improves the 
understanding of interactions between BVOCs and abiotic 
factors, providing crucial data for predicting environmental 

impacts and supporting the development of more effective 
and adaptive conservation policies.

Experimental

Materials and reagents

In this study, 10 analytical standards were used, 
corresponding to the compounds: α-pinene, octanal, 
p-cymene, limonene, acetophenone, linalool, camphor, 
terpineol, isoprene, and isobornyl acetate. All standards 
were obtained individually and with a high degree of purity 
(GC standard - gas chromatography) (Sigma-Aldrich, 
USA). The solvent used for dilution was carbon disulfide 
(CS2), 99.9% GC grade. Before analysis, all glassware 
was washed with deionized water, purified, and dried at 
100 °C in a drying and sterilization oven (Solab, SL‑100). 
Sampling was conducted using ORBO 32 sampling 
tubes (Supelco®, USA) and a GilAir PLUS suction pump 
(Gilian®, USA). 

Analytical curve

An analytical curve was constructed from a 
multicomponent solution containing 2 µL of each standard, 
diluted in carbon disulfide (CS2) solvent, to quantify the 
10 BVOCs. From this solution, 9 points in duplicate were 
prepared within an optimal working range (OWR) varying 
between 9.3 and 50.4 ng. These points were analyzed by 
injecting 1 µL of each into the gas chromatograph with 
flame ionization detector (GC-FID). This enabled the 
determination of linearity parameters, sensitivity, limit 
of detection (LOD), limit of quantification (LOQ), and 
the coefficient of determination (R2) for each compound. 
Analysis of variance (ANOVA) and residual distribution 
were also applied to assess the model fit for the analytical 
curves.

Sample collection

BVOCs sampling was conducted actively using a GilAir 
PLUS suction pump (Gilian®, USA) with a flow rate of 
200 mL min-1 and glass tubes filled with 200 mg of activated 
coconut charcoal (ORBO 32, Supelco®, USA). Sampling 
took place from 05/23/2024 to 09/26/2024 at different times 
of the day (7:00 a.m., 1:00 p.m., 5:00 p.m., and 9:00 p.m.), 
with each sampling lasting one hour, resulting in a total of 
12 L of air sampled per collection tube. Thus, 56 BVOCs 
collections were performed (14 sampling days with 
4 collections per day). After sampling, the tubes were sealed 
with caps and parafilm, then conditioned for later analysis. 
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The collections were conducted in a forest fragment 
within the Legal Reserve of the Polo de Educação 
Ambiental da Mata Atlântica at the Instituto Federal de 
Educação, Ciência e Tecnologia do Espírito Santo, Alegre 
(PEAMA - IFES). The exact collection site is located at 
an altitude of 146 m above sea level, at (20°45’48.2”S and 
41°27’48.0”W). This location is surrounded by the dense 
vegetation of the Atlantic Forest, encompassing all the 
biodiversity characteristic of this biome. 

Furthermore, the abiotic factors (temperature, wind 
speed and gusts, relative humidity, and atmospheric 
pressure) were recorded using a weather station (Alecto 
WS5200, Kerkrade, Netherlands) installed near the 
collection site.

Extraction of BVOCs

The compounds were extracted from the activated 
charcoal tubes by adapting Method 1501 for aromatic 
hydrocarbons, as established by the National Institute for 
Occupational Safety and Health (NIOSH).24 The adsorbent 
material in the ORBO 32 tubes was transferred to a glass 
tube and kept under constant refrigeration in an ice bath 
to prevent volatilization, followed by the addition of 2 mL 
of CS2. The tube was then agitated for 1 min in a Vortex 
Mixer (K45-2820, Kasvi, Brazil), followed by 30 min in 
an ultrasonic bath (Q3.0, Ecosonics, Brazil), and 10 min 
in a centrifuge at 3000 rpm (80-2B, Daiki, China). Finally, 
the supernatant was removed and transferred to a 2 mL vial 
for further analysis by GC-FID.

Instrumentation

The samples were analyzed using a GC-FID 
(GC‑2010  PLUS, Shimadzu, Japan) and an automatic 
injector (AOC‑20i, Shimadzu, Japan). A RTX-5MS capillary 
column (5% diphenyl and 95% dimethylpolysiloxane, 
Restek, Centre County, USA) with dimensions of  
30 m length × 0.25 mm internal diameter (ID) × 0.25 µm  
film thickness (30 m × 0.25 mm ID × 0.25 µm) was used, 
operating with a temperature ramp from 35 °C (over 8 min) to 
225 °C at 10 °C min-1. The injector and detector temperatures 
were set to 250 and 300 °C, respectively. Additionally, 
nitrogen (N2) was used as the carrier gas (mobile phase) to 
transport the sample to the chromatographic column, while 
hydrogen (H2) and compressed air were used for the flame 
ionization detector (FID).

Chemometrics and supervised learning methods 

All statistical analyses were conducted on a dataset  

consisting of 56 samples and 15 variables. The variables 
included the concentrations of 10 BVOCs: α-pinene, octanal, 
p-cymene, limonene, acetophenone, linalool, camphor, 
terpineol, isoprene, and isobornyl acetate, as well as five 
abiotic factors: temperature, wind speed, gusts, relative 
humidity, and atmospheric pressure. The analyses were 
conducted using Microsoft Excel® (version 15.0.5441.1000) 
(Microsoft, Washington, D.C., USA) and MATLAB (version 
R2024a) (The MathWorks, Natick, MA, USA). Furthermore, 
we used the Classification toolbox (Milano Chemometrics 
and QSAR Research Group, version 6.0, 2013),25 and Cluster 
Toolbox (Goodacre Biospec Research Group, version 2.0, 
2007),26 as well as an in-house algorithm.

PLS-DA method 

Through cross-validation (Venetian blinds, 5 groups), 
the PLS-DA models were optimized to select the ideal 
number of latent variables (LVs) by minimizing the 
cross-classification error, trained, and evaluated. For 
this, the samples were categorized into two classes: 
evening/morning and afternoon. The Kennard-Stone (KS) 
algorithm was used to split the scaled data into training 
(approximately 70%) and test (approximately 30%) sets, 
while maintaining the class distribution.

PLS-DA bootstrap resampling method

A PLS-DA approach, employing bootstrap resampling 
with replacement, was applied to the preprocessing 
dataset to generate predictive models.27,28 The data 
were transformed using four preprocessing approaches: 
log10 transformation, Pareto scaling, autoscaling, and 
mean centering. For classification, the classes (evening/
morning versus afternoon) were encoded in the y-variable, 
where ‘1’ represented evening/morning samples and ‘2’ 
represented afternoon samples. To validate the robustness 
of the models, we performed 1000 bootstrap resampling 
iterations with replacement, evaluating model performance 
on the 1000 generated test sets (i.e., data not used in 
model construction). Additionally, permutation testing 
was performed by scrambling the y-variable to break any 
actual relationship with the predictors, generating 1000 
‘null distributions’ for the test sets. This approach enabled 
comparison of the observed model performance against the 
null distributions to assess statistical significance and rule 
out classification due to random chance.

SVM ensemble

To build the SVM ensemble for classification, 
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the KS algorithm divided the original dataset into 
training (approximately 80%) and an external test 
set (approximately 20%).29 During the optimization, 
1000 iterations were selected as the optimal number for 
building the SVM ensemble, resulting in the construction 
of 1000 individual SVM classifiers. Within each iteration, 
Monte Carlo Sampling (MCS) was applied to split the 
training set internally into ‘training’ (approximately 70%) 
and ‘test’ (approximately 30%) subsets. Simultaneously, 
this iterative sampling process was carried out, and each 
SVM classifier was built with elements of randomness. This 
step involved different preprocessing methods, including 
no preprocessing, vector normalization, range scaling, 
autoscaling, and mean centering. SVM hyperparameter 
optimization was performed by selecting the polynomial 
degree (d), the model type (linear, polynomial, or radial 
basis function kernels), and determining the grid-search 
(GS) size. The GS optimization step was carried out through 
the exploration and optimization of the combinations of the 
C and g hyperparameters for each submodel. The Matthews 
correlation coefficient (MCC) was used to evaluate the 
predictive capability of each SVM classifier in the ensemble 
model. Thus, of the 1000 independent SVM classifiers, 
those with an MCC greater than 0.6 were selected based 
on the MCS test. Finally, these classifiers were applied to 
the external test set.

Performance parameters

The models were evaluated based on the false positive 
rate (FPR), false negative rate (FNR), sensitivity (SEN), 
specificity (SPE), reliability rate (RLR), accuracy (ACC), 
and Matthews correlation coefficient (MCC). The following 
performance parameters were estimated (equations 1-7):30-32

	 (1)

	 (2)

	 (3)

	 (4)

	 (5)

	 (6)

	 (7)

For models distinguishing evening/morning from 
afternoon samples based on the 10 BVOCs, True 
Positive  (TP) represents evening/morning samples 
correctly classified as such. Simultaneously, a False 
Negative (FN) indicates the number of evening/morning 
samples incorrectly classified as afternoon. Conversely, 
a True Negative (TN) represents the number of afternoon 
samples correctly classified as afternoon, while a False 
Positive (FP) refers to the afternoon samples incorrectly 
classified as evening/morning.

Using these parameters, it was possible to evaluate 
the performance of the constructed models, where ACC 
represents the proportion of correct classifications, 
while RLR is calculated as the difference between the 
total accuracy (100%) and the sum of the false positive 
rate (FPR) and false negative rate (FNR).33,34 

The MCC is a metric that condenses the confusion 
matrix into a single coefficient, effectively representing the 
correlation between predicted and actual classes. The MCC 
value ranges from -1, representing complete disagreement 
between predicted and actual outcomes, to +1, indicating 
perfect prediction, with 0 denoting random prediction.35

Results and Discussion

Table 1 summarizes the performance of the models 
evaluated to differentiate between evening/morning 
and afternoon samples using three supervised methods: 
traditional PLS-DA, PLS-DA with bootstrap resampling, 
and the SVM ensemble. It is important to note that the 
objective here is not to determine the best model, as such a 
comparison would require a statistical evaluation approach 
to assess the classification methods.

Partial Least Squares Discriminant Analysis (PLS-DA)

The PLS-DA model was constructed with four latent 
variables (LVs) to discriminate the data, utilizing Pareto 
scaling as the preprocessing method. The analysis of the 
score plot in conjunction with the regression coefficient 
plot (Figures 1a and 1b) allows for the identification of 
the variables that have the most significant influence on 
the data.

Figure 1 clearly demonstrates the distinction between 
evening/morning and afternoon samples. Variables  1, 
6, and 10 (BVOCs) have a greater influence on the 
evening/morning samples, displaying positive regression 
coefficients, while variables 9, 11, and 13 have a stronger 
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association with afternoon samples, indicated by negative 
regression coefficients. These results will be discussed in 
greater detail in the next section, focusing on the correlation 
between BVOCs and abiotic factors. 

It can also be observed that the model exhibits two 
misclassifications in the training set. However, the test set 
correctly classifies all samples, demonstrating the efficiency 
of the model in grouping these samples without showing 
signs of overfitting.

PLS-DA bootstrap resampling method

Since the above PLS-DA used a single split of the data 
into training and test sets, we decided to test the effectiveness 
of model selection (preprocessing) in a more robust way. 
There, the effectiveness of different preprocessing methods 
(log10 transformation, Pareto scaling, autoscaling, and mean 
centering) was evaluated by analyzing the distributions of the 
correct classification rate (CCR) obtained from PLS-DA with 
bootstrap resampling. Figure 2 shows the predictions from the 

1000 test sets, with observed CCR distributions highlighted 
in blue and null distributions from permutation testing 
highlighted in red.28,33 These graphs assess the performance 
of the model by comparing the observed CCR distribution 
with a random reference (null CCR). A shift to the right 
of the observed distribution indicates better classification 
ability.28,33 The observed and null distributions were obtained 
from bootstrap validation for the PLS‑DA models, resulting 
in average correct classification rates (with corresponding 
p-values in parentheses) of 0.878 (p-value  =  0.004) for 
log10 transformation, 0.912 (p-value  =  0.009) for Pareto 
scaling, 0.914 (p-value = 0.010) for autoscaling, and 0.919 
(p‑value = 0.005) for mean centering. Each histogram is 
accompanied by the corresponding average confusion matrix 
for the models (see Table 2). No significant differences 
in model performance were observed among the Pareto 
scaling, autoscaling, and mean centering preprocessing 
methods for this dataset, whereas models that used log10-
transformed data performed slightly worse. Table 2, derived 
from the confusion matrix, summarizes the classification 

Table 1. Performance parameters obtained by PLS-DA, PLS-DA bootstrap resampling, and SVM ensemble

Modela

Traditional PLS-DA
PLS-DA bootstrap 

resampling
SVM ensembled

Training set Test set Test setc Internal training set
Test set

Internal test External test

SEN / % 95 100 93.7 91 ± 9 90 ± 10 96 ± 6

SPE / % 95 100 89.3 94 ± 9 89 ± 10 99 ± 2

RLR/ACC b / % 95 83.0 92 ± 6 87 ± 6 98 ± 4

MCC 0.95 - 0.86 ± 0.12 0.77 ± 0.11 0.96 ± 0.06

CCR / % - - 91.2 - - - 
aPareto scaling was applied for preprocessing in the PLS-DA models, and autoscaling was used for the SVM model. bThe RLR parameter was used for 
PLS-DA models, while ACC was used for the SVM ensemble model. cAverage values from 1000 iterations of bootstrap resampling for each evaluated 
parameter, based on test set predictions for the y-variable. dSVM ensemble performance parameters were assessed only for submodels with MCC values 
greater than 0.8. SEN: sensitivity; SPE: specificity; RLR: reliability rate; ACC: accuracy; MCC: Matthews correlation coefficient, reported as average ± 
SD; CCR: correct classification rate average.

Figure 1. (a) Score plot and (b) regression coefficient plot of the traditional PLS-DA model. Variables numbered from 1 to 15 represent α-pinene (1), 
octanal (2), p-cymene (3), limonene (4), acetophenone (5), linalool (6), camphor (7), terpineol (8), isoprene (9), isobornyl acetate (10), along with five 
abiotic factors: temperature (11), wind speed (12), gusts (13), relative humidity (14), and atmospheric pressure (15).
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accuracy and misclassification rates for class 1 (evening/
morning) and class 2 (afternoon) across the different 
preprocessing methods. High accuracy was achieved in 
correctly classifying observations from each group across 
all preprocessing methods. In supervised multivariate 
analysis, a subset of machine learning, the confusion 
matrix is a crucial tool for evaluating classification 
models. It provides detailed insights into the predictions 
by showing true positive (TP), true negative (TN), false 
positive (FP), and false negative (FN) instances. TP 
and TN represent correct predictions, while FP and 
FN indicate misclassifications. These components are 
essential for calculating performance metrics such as 
accuracy, which measures the overall correctness of the 
model by evaluating the relationship between correct 
predictions and total outcomes.28,33

SVM ensemble

The SVM ensemble demonstrated satisfactory and 
consistent performance parameters between the MCS 
subsets and the external test set. As shown in Table 1, 
the standard deviation (SD) of the evaluation metrics for 
the internal test subset is higher than that for the external 
test subset. This difference is likely due to the inherent 
randomness in the ensemble construction, including MCS 
sampling, the use of varied preprocessing methods, the 
selection of SVM hyperparameters for each classifier, the 
determination of the GS size, and the optimization process 
involving the C and g hyperparameters. This method 
produced a robust and statistically reliable outcome, as 
evidenced by the high evaluation metrics obtained from the 
external test subset (MCC > 0.9). The samples used in this 

Figure 2. PLS-DA on the dataset using different preprocessing methods (a) log10 transformation, (b) Pareto scaling, (c) autoscaling, and (d) mean centering 
with two classes as the y-target variable (evening/morning vs. afternoon). These results are based on 1000 bootstrap iterations (with replacement); the 
blue histograms represent the observed distributions of correct classification rates from the 1000 real test sets, while the red histograms represent null 
distributions from permutation testing.

Table 2. Performance parameters obtained from PLS-DA using 1000 iterations of bootstrap resampling

Preprocessing method Class 1 accuracy / %
Class 1 misclassification 

(as class 2) / %
Class 2 accuracy / %

Class 2 misclassification 
(as class 1) / %

log10 91.5 8.5 84.7 15.3

Pareto scaling 93.4 6.6 89.6 10.4

Autoscaling 94.3 5.7 88.0 12.0

Mean centering 94.6 5.4 89.7 10.3



7 of 10

Assessing Emissions of Biogenic Volatile Organic Compounds and Their Correlation Figueiredo et al.

J. Braz. Chem. Soc. 2025, 36, 8, e-20250050

test set were not part of the ensemble construction, ensuring 
that they remained entirely unknown to the trained models.

It is well-known that ensemble learning is a beneficial 
approach for prediction tasks involving small datasets.36 

Yang et al.37 used an averaged ensemble of multiple fine-
tuned models obtained through five-fold cross-validation 
to overcome the limitations of working with a small and 
imbalanced copolymer dataset. By combining predictions 
from multiple models, they enhanced the robustness and 
reliability of their outcomes, effectively mitigating the 
biases and overfitting tendencies inherent in individual 
models. Similarly, by removing the uninformative models 
(MCC < 0.6), we enhanced both the prediction accuracy and 
reliability. This process resulted in 66 informative models, 
which were used for predicting the external test class. To 
the best of our knowledge, this is the first paper to apply 
an SVM ensemble method to study BVOCs in air samples 
and associated abiotic factors. 

A probability calculation was conducted to express the 
classification of the samples using the ensemble approach 
(Figure 3). In the external test, all the samples were 
correctly classified, with probability values close to one.

Correlation of the BVOCs and abiotic factors 

BVOC emissions are directly correlated with abiotic 
factors, playing a fundamental role in atmospheric 
chemistry and ecosystem dynamics. These correlations 
are evident in our results, where multivariate models 
effectively distinguish between samples collected in the 
evening/morning and those collected in the afternoon. 
Table S1 (Supplementary Information section) presents 
the BVOCs concentrations, and the corresponding abiotic 
factors obtained and used in this study. 

The traditional PLS-DA model discriminated the 
evening/morning samples in the positive region of the 
plot (Figure 1a), where the concentrations of α-pinene (1), 
linalool (6), and isobornyl acetate (10) were identified as 
the main contributors to this discrimination (Figure 1b). 
Figure 4a shows the normalized concentrations of α-pinene, 
linalool, and isobornyl acetate, highlighting distinct 
emission patterns, and Figure 4b the normalized values of 
temperature and gusts, demonstrating significant abiotic 
differences between time periods.

Figure 4a shows that the median concentrations of the 
three most abundant compounds-α-pinene (1), linalool 
(6), and isobornyl acetate (10)-were higher in the morning 
than in the afternoon and evening. α-Pinene (1) reacts with 
tropospheric ozone (O3) and hydroxyl radicals (•OH), while 
linalool (6) is primarily oxidized by nitrate radicals (NO3

•). 
During the early hours, lower temperatures (Figure 4b) 
and reduced levels of atmospheric oxidants help minimize 
the degradation of these biogenic compounds, facilitating 
their accumulation in the lower atmosphere, which results 
in higher concentrations in the morning.3,27,38-40 Besides, 
in the morning, there are stable atmospheric conditions 
characterized by lower variability in temperature and wind 
gusts (Figure 4b). Additionally, photosynthesis, driven by 
sunlight, increases the production and emission of BVOCs, 
as the environmental conditions early in the day stimulate 
plant metabolism.3,39

Temperature (11) and wind gusts (13) (Figure 1b) were 
the most significant variables for grouping the afternoon 
samples in the negative region of the graph, along with 
other abiotic variables (except for the slightly positive 
atmospheric pressure). The higher median and interquartile 
range of temperature during the afternoon (Figure 4b) 
reflect increased sunlight and photochemical activity, which 

Figure 3. SVM ensemble prediction probability of samples belonging to class 1 (evening/morning). (a) Training set considering MCS training subsets; 
(b) external test.
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drive BVOC emissions and interactions. Additionally, wind 
gusts showed a broader distribution and higher maximum 
values in the afternoon, indicating greater dispersion of 
compounds in the atmosphere, which contributes to the 
reduction of their local concentrations.40,41

The SVM model (Figure 3) incorrectly classified 
samples S48 (September 12th, 2024 - 9 p.m., evening) 
and S56 (September 26th, 2024 - 9 p.m., evening) as 
belonging to the afternoon class, with probabilities of 
0.54 and 0.63, respectively. September saw intense fires 
in Brazil, driven by climatic conditions, seasonality, and 
human activities.8,42,43 In these conditions, dense smoke 
clouds dispersed throughout the atmosphere throughout 
the day, creating a pollution layer that degraded air quality 
and reduced solar radiation. This likely altered the air 
composition, intensifying BVOCs concentrations and 
affecting abiotic factors such as temperature, humidity, 
and atmospheric pressure.

The traditional PLS-DA model incorrectly classified 
sample S56 (September 26th, 2024 - 9 p.m., evening) 
(Figure  1a) as belonging to the afternoon class. This 
misclassification likely resulted from the high temperature 
(28 ºC), which aligned its abiotic profile with the typical 
conditions of the afternoon. This indicates that the model 
relied on the elevated temperature as the primary criterion for 
this classification. Conversely, sample S26 (August 8, 2024 - 
1 p.m., afternoon) (Figure 1a) was classified as evening/
morning, likely due to its lower temperature (20 °C). This 
phenomenon underscores how extreme climatic variations 
can impact the accuracy of the PLS‑DA model, highlighting 

the importance of accounting for abiotic variations that may 
obscure the defining characteristics of each class.44-46

The PLS-DA bootstrap resampling model offers 
additional validation for the separation of identified classes, 
further enhancing the model’s reliability and robustness. 
This statistical method generates multiple resampled 
datasets to estimate parameter variability, ensuring that 
sample classification remains consistent and meaningful. 
By confirming that specific variables consistently serve as 
key determinants in distinguishing samples across different 
periods of the day, the model reinforces the interpretation 
that class differences are genuine and robust rather than 
arising from random variability.30-32

In recent decades, studies conducted in the Amazon 
rainforest have significantly advanced the understanding 
of VOCs emissions, linking them to factors such as light, 
temperature, and water stress, while emphasizing their 
influence on atmospheric chemistry and climate.14,15 
However, similar research is lacking in the Atlantic Forest, 
particularly regarding the response of BVOC emissions to 
climate change in the context of historical degradation.3,10 To 
the best of our knowledge, this is the first study conducted in 
a fragment of the Atlantic Forest within the Caparaó region, 
emphasizing the urgent need for further research on the 
climatic effects of VOCs emissions in this threatened biome.

Conclusions

This study highlights the effectiveness of supervised 
learning in analyzing BVOCs emissions, with models such 

Figure 4. Boxplots showing: (a) concentrations of α-pinene, linalool, and isobornyl acetate; and (b) values of temperature and gusts across periods of the 
day (evening, morning, and afternoon). Data normalized using min-max scaling.
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as PLS-DA (traditional: RLR = 95%; bootstrap resampling: 
CCR = 91.2%) and the SVM ensemble (ACC = 98 ± 4%, 
external test) proving crucial for accurately identifying 
key variables that distinguish evening/morning and 
afternoon classes. The findings reveal a strong correlation 
between BVOCs emissions and abiotic factors, primarily 
temperature and wind gusts, underscoring their critical role 
in atmospheric dynamics.

Elevated concentrations of α-pinene, linalool, and 
isobornyl acetate in the morning are associated with 
stable atmospheric conditions, characterized by lower 
variability in temperature and wind gusts. Conversely, 
higher temperatures, stronger wind gusts, and increased 
variability in the afternoon drive the dispersion of BVOCs 
and photochemical interactions, facilitating the degradation 
of these compounds.

Although the SVM ensemble and traditional PLS-DA 
models achieved high accuracy, misclassifications resulting 
from extreme climatic events, such as fires, highlight 
the impact of external factors on model performance. 
The PLS-DA bootstrap resampling model enhanced the 
robustness of the classification, validating the reliability of 
class separations and providing meaningful insights into 
emission patterns. These results highlight the importance 
of incorporating abiotic variables into BVOCs studies to 
better understand atmospheric chemistry and ecosystem 
dynamics, especially under varying environmental 
conditions.

Supplementary Information

Supplementary data (Figure S1 presents the boxplots that 
illustrate the data variability across the three classes (evening, 
morning, and afternoon); Table S1 presents the BVOCs 
concentration results, along with the abiotic factor data 
obtained and used in this study; Tables S2 and S3 present the 
results of the Shapiro-Wilk test for normality, the Kruskal-
Wallis test, and Dunn’s post-hoc pairwise comparisons (with 
Bonferroni adjustment) for the 15 variables) are available free 
of charge at https://jbcs.sbq.org.br/ as PDF file.
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