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Abstract
Honey bees (Apis spp.) are widely used as biological indicators of environmental changes. Recently, bees
have been explored by researchers to monitor air contamination by listening to their hive sound. However,
no study has determined whether beehive sound re�ects the responses of bees to in-hive or out-hive
chemicals. In this study, we conducted a feeding experiment to address this. First, we fed colonies with
pure syrup (PS), syrup containing acetone (SA) or syrup containing ethyl acetate (SE) to collect beehive
sound to establish multiple classi�cations using machine learning (ML) models. Then, we orderly fed
colonies with PS, followed by SE, SA and PS. Next, we fed colonies in PS, SA, SE and PS order. Eventually,
we evaluated the recall and precision of the model in detecting each syrup type. The result built on orderly
feeding had a recall of 99%, 80%, 30%, 53% in detecting PS, SE, SA, PS, respectively. In the reverse feeding
experiment, the ML model has a recall of 99%, 89%, 37% and 44% in detecting PS, SA, SE, and PS,
respectively. Because the collected syrup in the two orderly feeding sessions was not removed from the
frames during the experiment, the results indicate that beehive sound responds to chemicals in or out of
the beehive.

Introduction
Insect pollinators, including honeybees, play an important role in ecosystem health maintenance and
global food security. In fact, approximately 87.5% of �owering plants rely on bees for reproduction
(Ollerton et al., 2011). However, climate change and human activities, especially the use of pesticides and
herbicides (Dicks et al., 2020), have been shown to cause massive bees’ decline (Potts et al., 2010). It is
very crucial to monitor environmental change and control the usage of pesticides and fertilizers.

Biomonitoring uses the reactions of individuals, populations or communities to environmental pollution
or changes to clarify the environmental pollution situation and provides a biological basis for monitoring
and evaluating environmental quality (Wang et al., 2010). In the existing research, many representative
plants and animals have been used for biological monitoring. For example, �athead mullet, Mugil
cephalus, is a widely used biomonitor worldwide within coastal zones (Waltham et al., 2013), earthworms
are considered to be an appropriate biological monitoring animal for determining the ecological hazards
of contaminated soil (Xu et al., 2009), and mosses have been shown to be an ideal and reliable
biomonitor and used as an indicator for the detection of trace metal pollution in the atmosphere
(Mahapatra et al., 2019). Compared with traditional physical and chemical monitoring methods,
biological monitoring has many advantages.

Honeybees are one of the most widely used insects in agricultural production. Humans manage
honeybees for their production of honey and pollination services (Themudo et al., 2020). In recent studies,
honeybees were used as biomonitors to detect the distribution of contaminants. Usually, honeybees
explore an area within 2 kilometers of the hive, taking nectar, pollen and water. In the course of the
foraging process, ecological samples from the environment are collected into the hive. Systematic
variations in compounds and trace element concentrations of honey from gathered from various colonies
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closely re�ect anthropogenic land-use activities (Smith et al., 2019). Researchers monitored pesticides,
heavy metals and volatile organic compounds in the environment by detecting the composition of
substances in bees and honey (Balayiannis et al., 2008; Cochard et al., 2021; Sari et al., 2021). In addition,
honeybees have extraordinary olfactory capabilities and are highly sensitive to toxic substances. The
honey bee genome sequence revealed that 170 odorant receptors were annotated in the bee (Robertson &
Wanner, 2006). When exposed to low-dose insecticides, honeybees may be induced to produce nitric
oxide as a defense mechanism (Bartling et al., 2021). Luo et al. (2021) also showed that glyphosate at a
1/2 recommended concentration signi�cantly affected the olfactory learning and memory ability of
honeybees.

The beehive sound contains some information about the state of the bee colony. Honeybees produced
unique acoustic signals upon exposure to various environmental stress. For example, queenless colonies
produce sounds different from those with a queen. Although the human ear can detect changes in
beehive sound without assistance, people cannot identify the sound and what caused the problem
(Bromenshenk et al., 2009). Pérez et al. (2016) analysed sound patterns to evaluate changes in beehive
behaviour. In this work, they propose monitoring beehive health although the evolution of the frequency
spectrum sampled in four temporal windows. Based on the development of precision beekeeping and the
establishment of an IoT-based beehive monitoring system (Zacepins et al., 2015; Tashakkori et al., 2021),
the way to collect sound information about bee colonies from beehives has matured. In recent studies,
the sound of hives has been used as an indicator to assess the status of hives. Through both support
vector machines and convolutional neural networks, Nolasco & Benetos (2018) explored some aspects of
hive sound recognition systems with ML methods. Lasso logistic regression and singular value
decomposition are currently available to analyse the sound of hives to identify sound patterns in
queenless bee colonies (Robles-Guerrero et al., 2019). Kawakita et al. (2019) recorded hive sounds of Apis
cerana japonica over 24 h, and they found that Apis cerana japonica hissing had unique temporal
patterns. Cejrowski et al. (2020) also presented a method that uses Mel Frequency Cepstral Coe�cients
(MFCCs) features and an SVM classi�er to de�ne the start and the end of the presumed bees-night in
summer. In addition to MFCCs, soundscape indices are considered to be a valid set of features for
acoustic analysis of a beehive, and call the attention of research community to further employ them in
bioacoustics-related investigations (Sharif et al., 2020).

Regarding the stress of the volatile compound, Zhao et al. (2021) proved that the chemical information in
the air surrounding the beehives can be provided qualitatively by beehive sound analysis. In the Zhao
experiment, honeybees were exposed to chemical compounds in beehives. They assumed that the air
conditions in the beehive were consistent with the external conditions. In this way, honeybees were
thought to recognize the types of compounds in the air. However, there are two possibilities for this
assumption. One is that honeybee colonies were affected by compounds in the beehive. Another
explanation is that honeybees detect chemicals and caution the colony about chemical information.

In this study, acetone and ethyl acetate were used to in�uence beehive sound. Each of them is a volatile
chemical with irritating odors. The major objective of the research is collecting beehive sound, which is
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in�uenced by compounds, and then �ltering important features of sound by data mining for training ML
models to identify the syrup category. In this way, we determine whether the beehive sound about
incoming new chemicals changed due to honeybees exposed to other chemicals, which remained in
beehives.

Methods And Materials

Experiments design
In this study, Apis cerana was used as the experimental object. The research was carried out in a mulberry
�eld at the Sericultural and Apicultural Research Institute Yunnan Academy of Agricultural Sciences in
Honghe Hani and Yi Autonomous Prefecture, Yunnan Province, China (Fig. 1). Four bee colony hives,
each hive with approximately 9000 bees, were placed in an open area in a mulberry �eld (103.39°E,
23.52°N). Acetone and ethyl acetate were purchased from Sinopharm Chemical Reagent Co., Ltd.
(Shanghai, China). Sound acquisition, transmission, and storage devices use the same iPhone-8 model
with 4G mobile network services.

Data Acquisition
The iPhone-8 was positioned above the beam cabinet and separated from bees by steel net, which was
used to prevent interference from bees. Audios of beehive sound were recorded by the recording function
of iPhone-8 in the default settings. The sound data are recorded in mono and MPEG-4 �le formats. The
audio sample rate is 22 kHz with 16 bit resolution.

To collect accurate audio data from the hive, we trained honeybees to the feeding station, which is 30
meters away from the beehive (Fig. 1), before the experiment. During the experiment, a sugar feeder was
placed in the feeding station, which contained 500 grams of sugar water, in which the weight ratio of
sugar was 50%. The treatment of syrup with a chemical compound added acetone or ethyl acetate to the
weight ratio of 0.1%. In this way, syrup was divided into three categories: PS, SA and SE. Before the
experiment, we randomly fed colonies PS, SA or SE to collect beehive sound for data mining and building
ML models. The fragments of each sound last approximately 30 minutes. Then, we collect another set of
sound data in the following experiments and use it to test the ML model predictions.

In the �rst step of the experiment, PS was placed in the feeder at 8 in the morning. Figure 2(a) presents
the process of recording sound of each type of syrup. In each process of collection, we did not start an
audio recording until the bees had foraged to the feeder for 10 minutes. The process of collecting audio
data was conducted for at least 30 minutes without interruption in each hive. Then, we removed the
feeder in the next 20 minutes to restrict the bees foraging or visits the feeding station. In the second step,
we placed SE in the feeder and replicated the aforementioned process. In the next step, we placed SA in
feeder. At last, PS was used to collect sound.
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When the �rst phase was completed, we stopped the experiment for at least three days to dissipate the
chemical compounds from beehives. Then, we started the next phase at the same time on another day. In
the second phase, we changed the order between SA and SE. Next, we replicated the process of �rst
phase. The speci�c process of the experiments is shown in Fig. 2(b).

Data Mining
In modern society, big data are generated and stored every day, which promotes the development of data
mining approaches. Data mining usually refers to the process of �nding hidden information from a mass
of data (Li et al., 2017). With the development of computer technology, researchers apply intelligent
methods to extract data through data mining (Barati et al., 2011). At present, data mining has been widely
used in many �elds, such as medicine, ecology and genomics (Chen et al., 2011; Vizcaino et al., 2014;
Han et al., 2020). In addition, classi�cation algorithms are used for data mining (Yasodha & Prakash,
2012; Anitha & Kaarthick, 2021). In this study, the steps of data mining were divided into the following
stages: (1) preprocessing of data; (2) �ltering and sorting of importance of features; and (3) validation of
the classi�cation model.

After the audio was captured, all of the audio �les were moved to a computer, and each of the original
�les was converted from MPEG-4 to waveform (wav) by Python. After that, audio of all lengths was cut to
a 30-min audio �le. Then, they were divided into 10-s samples without overlap. Next, the R programming
language (TeamRCore, 2013) was used to extract common signal characteristics, which included the low-
level signal features, 13 MFCCs (Nolasco & Benetos, 2018) and 12 chroma vectors (CVs) (Müller et
al.,2005), from all 10-s samples.

In these features, MFCCs are one of the most widely used feature extraction means of sound. Through
the parameter set, which is based on a mel-frequency cepstrum, Davis & Mermelstein (1980)
demonstrated the superior performance of MFCCs in the recognition of short-term audio spectra. In the
�eld of voiceprints, MFCCs stand out in terms of arti�cial features. From speech recognition to bridge
health monitoring (Lin et al., 2014; Mei et al.,2019), MFCCs have been widely used in scienti�c research.
As described by Logan (2000), after inputting the sound signal, the following steps were taken: pre-
emphasizing, framing, windowing, carrying fast Fourier transform (FFT), mel-frequency warping,
calculating the �lter bank and �nally taking the discrete cosine transformation (DCT).

Before building the ML model, random forest (RF) was used to estimate the feature performance and the
importance of different features in modeling. In the rest of the data, 80% of the 10-s samples were
randomly chosen to be the training group, and the other samples were used as the test group. The
features of audio samples were grouped into PS, SA and SE. We built a binary classi�cation model based
on characteristics of the audio sample in the training group by RF. Through the trained RF model, we
evaluated the importance of every predictor variable by the mean decrease in accuracy (MDA) and mean
decrease in Gini (MDG) (Calle & Urrea, 2011). For subsequent calculations, we chose MDA as the



Page 6/18

indicator to predict the importance of features. After unimportant features were discarded, the remaining
features were used for the establishment and prediction of subsequent training ML models.

Building Models
The k-nearest neighbor (KNN) is a basic classi�cation and regression method (Cover & Hart, 1967; Tan et
al.,2006). In December 2006, KNN was identi�ed as one of the top 10 data mining algorithms by the IEEE
International Conference on Data Mining (ICDM) (Wu et al.,2008). The input of KNN is the test data and
training sample dataset, and the output is the category of the test sample. During the test, the distance
between the test sample and all training samples is calculated and forecasted by the majority vote based
on the category of the nearest K training sample. The three elements of the KNN are distance
measurement, k size, and classi�cation rules. Recently, some improved algorithms based on the KNN
have been used in a variety of studies, such as clustering for large-scale data and human activity
recognition (Chen et al., 2019; Tan et al.,2021). In this paper, KNN was used as a supervised learning
model to classify data.

RF is a combination of tree predictors. In the RF, each tree relies on the value of a random vector sampled
independently, and all trees in the forest are distributed in the same way (Breiman, 2001). In fact, each
decision tree is a classi�er. Therefore, for an input sample, the classi�cation results are as many as the
trees in the RF. For this reason, RF integrates all classi�ed results, specifying the category with the most
votes as the �nal output. Because of this feature, RF has been widely used in various research �elds, such
as computational toxicology (Mistry et al., 2016) and visual image classi�cation (Xu Y. et al., 2018).
Based on RF, Xia et al. (2018) proposed a method of detecting acoustic events using contextual
information and bottleneck characteristics. In this study, the trained RF model categorized the data of
each audio sample in the test group to determine which category it is the most likely to belong to.

SVM is a classi�cation technique based on the optimal margin in ML. It was proposed as a training
algorithm to maximize the margin between the training mode and the decision boundary (Boser et al.,
1992; Cortes & Vapnik, 1995). Due to its superior performance, SVM has widespread application
demands in many �elds, such as intelligent monitoring, human-computer interaction and virtual reality
(Yang & Gao, 2020). Anwar et al. (2019) proved that SVM cubic kernels with MFCC achieved
approximately 96.7% accuracy for amateur drone detection. The SVM trained model can be considered
hyperplane, with samples separated into two classes, which can divide data correctly and spaced at the
largest interval with each sample (Rai et al., 2016). In this research, there were three SVM models that
used three kernel functions to classify beehive sounds.

The formula for the linear kernel:

K xi, xj = xT
i xj

1

( )
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The formula for the polynomial kernel:

K xi, xj = (xT
i xj)d

2
where d is the power parameter.

The formula for the RBF kernel:

K xi, xj = e−γ ‖xi−xj ‖ 2

3
where ‖xi − xj‖2 means the ethic distance between the two feature vectors, and γ is the width parameter of
the RBF.

To improve the accuracy of classi�cation of SVM, we optimized parameters C and γ in the kernel
function. We set some values for C (0.1, 1, 10, 100, 1000) and γ (0.01, 0.1, 1). Then, we tried to �nd the
optimal parameters through different kernel models. Finally, we chose a group of parameters (C and γ)
with the highest accuracy, and they were used in SVM models.

In this study, SVM, RF and KNN were used to separately establish a classi�cation model. Then, we
compared the accuracy between the SVM, RF and KNN models. Finally, we chose the best model and
used the data extracted at the beginning to test the accuracy of identi�cation under different treatments.

Results

Data classi�cation
After the preprocessing of data, a total of 2 160 audio sample data points were used in data mining and
ML. In the data, each 720 audio samples was related to PS, SA or SE. Then, a total of 5 760 audio
samples, which were collected from the two orderly feeding sessions, were used for sound recognition.
Each feeding session contained 2 880 data samples, and they were evenly distributed in four stages.

Feature Extraction
To determine the number of features required for ML, recursive feature elimination (RFE) was performed
through the RF model (Granitto et al., 2006). In RFE, models are built over and over again to pick the best
features. Then, the process is repeated with the remaining features until all the features are traversed. The
relationship between the number of features and the cross-validation score is shown in Fig. 3(b). In the
early stages, the score rose dramatically as the number of features used increased. Then, the cross-
validation score growth slows after the number of features used exceeds 10 and peaks when the number

( )

( )
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of features surge to 20. After that, it slowly declines with �uctuations. Therefore, to build models with
higher accuracy, the top 20 important features were used in this study. Figure 3(a) compares the
importance of the variable and sorted by numerical size. The data in Fig. 3 suggest what features we
should use to build ML models.

Precision Comparison Of Models
After the screening of characteristics, we built the models with KNN, RF and SVM (which used three
different kernel functions) through the audio data processed by RFE. In addition, we tested different
parameters to obtain a better model. The results of the correlational analysis are summarized in Table 1.
The model trained by KNN, RF and SVM (using the RBF kernel function) had greater accuracy than the
remaining models. One of the most accurate models is SVM (RBF). When the box constraint C was 1 and
the value of γ was 0.1, the accuracy, macroaverage and weighted average were 95%. When the number of
neighbors K is 4, the accuracy of KNN is 91%, the macroaverage is 94% and the weighted average is 94%.
When the number of estimators is 91, the accuracy, macroaverage and weighted average are 91%. For the
identi�cation of different syrup types, all models have the highest accuracy for PS. The accuracy of each
model is more than 93%. The second easily identi�able treatment is SE, and the last is SA. According to
the results of Table 1, we chose the model with SVM (RBF) to detect the identi�cation accuracy of
different treatments.

Table 1
Classi�cation result of different model

Treatment

of Syrup

KNN RF SVM

(Linear)

SVM

(Quadratic)

SVM

(RBF)

SA 91% 88% 94% 94% 94%

SE 96% 93% 96% 96% 96%

PS 94% 92% 95% 95% 96%

Accuracy 91% 91% 95% 95% 95%

Macro average 94% 91% 95% 95% 95%

Weighted average 94% 91% 95% 95% 95%

Prediction Of Different Syrups
In the next stage, we compared the accuracy between one type of syrup and the same type of syrup,
which were affected by other chemicals. This calculation is done through the SVM model. The treatment
that was not affected by other chemical compounds was named CK, and another treatment was named
T.
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Figure 4 shows the recall rate and accuracy of PS that is �rst fed in two orderly feeding processes. There
were 712 and 713 data points in 720 audio samples of the �rst and the second feeding processes
correctly identi�ed, respectively (Fig. 4a). In addition, 1187 and 1097 audio samples were identi�ed as PS.
The error rates are 40% and 35%, respectively (Fig. 4(b)).

Figure 5(a) compares the recall data of SA in different situations. In cases not affected by ethyl acetate,
the model with SVM (RBF) successfully identi�ed 641 samples from 720, with 79 errors. For the
treatment that had been fed SE, the correct number dropped to 216. Therefore, the result of the chi-square
test reveals that there was a signi�cant difference in accuracy between the two sets of data. The result of
the identi�cation rate of SE in�uenced by acetone is displayed in Fig. 5(b). For the treatment that had
been fed by SA, the model correctly identi�ed 267 samples from 720. This �gure is smaller than the
number, which is 576, of the group without being impacted by acetone. Judging from the results of
signi�cant differences, acetone also had a noticeable in�uence on the identi�cation of ethyl acetate.

The result of the identi�cation of PS is similar to those in�uenced by chemical compounds. It can be
observed from Fig. 5(c) and Fig. 5(d) that compared with the correct rate of the identi�cation of PS, the
recall rate became lower when affected by a chemical compound regardless of whether it was acetone or
ethyl acetate. For ethyl acetate, the number of successfully distinguished samples decreased from 712 to
317 in 720. The same type of data for acetone dropped from 713 to 382. These data show that the recall
rate in identifying PS is signi�cantly affected by compounds.

The precision results of SA and SE are shown in Fig. 6(a) and Fig. 6(b). In the absence of the effects of
ethyl acetate, the model treated 763 audio samples as acetone with a correct rate of approximately 84%.
In the treatment that had been fed SE, the number dropped to 281 with a correct rate of approximately
77%. For the treatment that had been fed by SA, the model identi�es 290 audio samples, as SE with 267
was true. This �gure is smaller than the number, which is 744, of the group without being impacted by
acetone. From the results of signi�cant differences, acetone and ethyl acetate had a signi�cant effect on
the precision of identi�cation of each other.

Figure 6(c) and Figure 6(d) show that chemical compounds have a signi�cant effect on the identi�cation
of syrup. There were 1061 and 1097 audio samples that were in�uenced or not by acetone and were
identi�ed as syrup with precisions of 36% and 65%, respectively. After being affected by ethyl acetate, the
number of samples considered PS decreased from 1187 to 1174. In addition, accuracy dropped from 60–
27%. These data illustrate that there are signi�cant differences in whether the accuracy of PS
identi�cation is affected by chemical compounds.

Discussion
There are various messages regarding the sound of honeybee swarms. From the third century BC to the
19th century AD, many researchers have observed that bees make special sounds in some cases (Terenzi
et al., 2020). Since the second half of the 20th century, due to the development of modern electronics,
scientists have been able to record and analyse sounds in beehives. Especially in recent studies, ML has
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been used in the sound analysis (Ribeiro et al., 2021). Therefore, the beehive sound characteristics used
in ML are becoming increasingly important. In this study, by the method of data mining, we found that the
low-level signal features and MFCCs are both integral parts of ML. MFCC features still showed more
importance than the low-level signal features in the top 20 characteristics calculated by RF. By selecting
the right data, we were able to build more accurate models. In this study, the ML model based on the SVM
(RBF) model had the highest accuracy, which was approximately 95% (Table 1).

Research by Sharif (2020) has shown that the sound of beehives can be in�uenced by volatile chemical
compounds in the air, such as acetone, ethyl ether, glutaric dialdehyde and trichloromethane. In addition,
these changes can be identi�ed by the ML model. In this experiment, the results of the syrup prediction
were compared at the �rst phase of the two orderly feeding sessions. According to the recall results, the
vast majority of PS samples were identi�ed, and there was no signi�cant difference between the two sets
of data (Fig. 4(a)). This conclusion indicates that two orderly feeding sessions can be considered
independent and have no in�uence on each other. In the next stages, Fig. 5 shows that both SA and SE
signi�cantly reduced the recall rate of another treatment and PS. In each continuous feeding experiment,
the collected syrup was not removed from the frames, and the interval time between each stage was
short. Chemical compounds can be thought to remain in beehives. Therefore, we speculate that both
acetone and ethyl acetate that remained in the beehive could cause errors of identi�cation about PS, SA
or, SE.

The results based on the precision of the forecast show that the ML model gives the most predictions as
PS. Without being in�uenced by chemical compounds, over 60% of these samples are predicted correctly.
After feeding SA and SE, the ratio was reduced by half. For SA, SE samples that are not affected, the
forecast given by the model is slightly higher than the actual sample size. And after feeding SE or SA, the
number computed by the model is much lower than the actual sample size. However, there was no
signi�cant reduction in accuracy. The above results show that many SA and SE samples are judged as
PS by the model, regardless of whether they are affected by chemical compounds. There was no
signi�cant change in the predicted number of SA and SE samples with no in�uence of chemical
compounds in beehives. At the same time, in the case of ethyl acetate or acetone contained in beehives,
the number of predictions made by the ML model is signi�cantly reduced.

Combining the results of recall and precision, we found that the ML model can accurately identify PS.
However, in the calculation, some SA and SE processes are predicted as PS. This may be due to
honeybees collecting honey from other sources and transmitting signals to beehives. When these signals
are transmitted to the beehive, the characteristics of the sound in that segment are classi�ed as PS
instead of SA or SE. In the case of residual chemicals in beehives, the ML model tended to judge fewer
samples as SA or SE. As a result, a large number of SA or SE samples are judged to be other treatments,
resulting in a signi�cant decrease in the recall rate.

This is because when honeybees contain acetone or ethyl acetate in their beehives, the smell of the
compound spreads in closed beehives (Zhao et al.,2021). Then, we made honeybees collect syrup
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containing another compound. If the sound of beehives is mainly affected by smells, the accuracy of the
same model can be greatly affected compared to identifying a chemical compound without interference.
This result illustrates that chemical compounds that remain in the beehive affect the sound of the
beehive. However, new chemicals entering the beehive can still be identi�ed by changes in beehive sound.
As a result, chemicals alter the sound of beehives not only through smell in the air but also probably
through the method by which honeybees transmit food signals to the colony.

Honeybees produce different beehive sounds when stimulated by different chemical compounds. These
differences make it possible to monitor contaminants by identifying changes in the sound of beehives.
This also means that the sound of hives can be used not only to monitor pollutants in the atmosphere
but also to monitor pollution in water and soil. It is worth noting that it is a great method to increase the
number of experimental data to improve the accuracy of each ML model.

In this research, all samples were collected during sunny day, and under similar climatic conditions.
Beehive sound intensity may be correlated with temperature in the hive, coupled with the weather (Imoize
et al., 2020). Therefore, even if it is possible to reduce the accuracy of the model, it is necessary to add
beehive sound data under different weather conditions in future studies. In the future, we plan to collect
beehive sounds of different compounds in different weather conditions. Moreover, we intend to assess
the effects of nonvolatile compounds or heavy metals on beehive sound.

Conclusion
In this study, we collected beehive sounds and extracted important features by data mining. Then,
classi�cation models used to identify acetone and ethyl acetate were established. The results of the ML
models were used to classify compounds. The following conclusions can be obtained. Honeybees are
likely to report chemical compounds in beehives through colony sound. In addition, compounds outside
the beehive can also be monitored by beehive sound.
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Figures

Figure 1

Experimental location and design.

The experimental conditions were consistent, and the experiment was conducted on sunny days with
similar temperatures and humidity in August 2021.
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Figure 2

Procedure of a single syrup (a) and the whole experiment (b).

Figure 3

The importance order of the top 30 feature sets (a) and the curve made by RFE (b).

Figure 4

Comparison of recall (a) and precision (b) between two orderly feeding sessions (ns: p > 0.05, *: p< 0.05,
**: p < 0.01, ***: p<0.001, ****: p < 0.0001).
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Figure 5

Comparison of recall rate between syrup unaffected by chemical compound (CK) and similar syrup
affected by compound (T): (a) ethyl acetate in�uenced acetone, (b) acetone in�uenced ethyl acetate, (c)
acetone in�uenced blank syrup, (d) ethyl acetate in�uenced blank syrup (ns: p > 0.05, *: p< 0.05, **: p <
0.01, ***: p<0.001, ****: p < 0.0001).
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Figure 6

Comparison of precision between syrup unaffected by chemical compound (CK) and similar syrup
affected by compound (T): (a) ethyl acetate in�uenced acetone, (b) acetone in�uenced ethyl acetate, (c)
acetone in�uenced blank syrup, (d) ethyl acetate in�uenced blank syrup (ns: p > 0.05, *: p< 0.05, **: p <
0.01, ***: p<0.001, ****: p < 0.0001).


