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INTRODUCTION 

Indoor air quality (IAQ) plays a crucial role in 
maintaining human health and well-being. Poor 
air conditions in buildings are often associated 
with microbiological contamination, particularly 
the presence of fungi, which can contribute to the 
development of symptoms commonly referred to 
as sick building syndrome (SBS). In many cases, 
the negative impact of fungal contamination is not 
only related to the presence of spores or mycotox-
ins, but also to the emission of volatile metabo-
lites into the indoor environment [19,21,22].

Fungi release a wide range of volatile organic 
compounds as a result of their metabolic activity. 

These substances, commonly referred to as micro-
bial volatile organic compounds (mVOCs), rep-
resent a diverse group of low-molecular-weight 
chemicals that can be detected in indoor air [1–4]. 
Due to their origin and physicochemical proper-
ties, mVOCs are increasingly recognized as use-
ful indicators of biological processes occurring in 
contaminated environments [5]. Their presence 
may signal active microbial growth even before 
visible signs of mold appear.

Among the various mVOCs identified in 
indoor environments, certain compounds are fre-
quently associated with fungal activity and are 
therefore considered potential markers of con-
tamination. These include aromatic hydrocarbons 
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such as ethylbenzene and cumene, as well as ter-
penes such as limonene. In addition, other groups 
of compounds, including alcohols (e.g., 1-octen-
3-ol), ketones (e.g., 2-heptanone), and sulfur-con-
taining compounds, are also commonly reported 
as products of fungal metabolism [2,6,7]. The 
occurrence of such substances, particularly in 
characteristic combinations, may indicate micro-
biological degradation processes taking place 
within building materials or indoor air.

The detection and quantification of mVOCs are 
therefore important for the assessment of indoor 
air quality and the identification of potential health 
risks. The presence of these compounds may serve 
as an early warning signal of microbiological con-
tamination and can support preventive actions aimed 
at improving environmental conditions in buildings. 
However, reliable identification of mVOCs typical-
ly requires advanced analytical techniques.

Gas chromatography coupled with mass 
spectrometry (GC/MS) is widely regarded as a 
reference method for the analysis of volatile com-
pounds due to its high sensitivity and selectivity 
[8,9]. This technique enables precise identifica-
tion and quantification of individual substances, 
including those present at low concentration lev-
els. Despite its advantages, GC/MS is not suit-
able for continuous or real-time monitoring, as 
it involves complex sample preparation, requires 
specialized equipment, and is associated with rel-
atively high operational costs.

In response to these limitations, increasing 
attention has been given to alternative approaches 
based on multi-sensor gas arrays, often referred to 
as electronic nose systems. These systems consist 
of multiple sensors with partial selectivity, which 
respond to different components of gas mixtures 
and generate characteristic signal patterns. When 
combined with appropriate data processing tech-
niques, such as statistical regression and machine 
learning algorithms, sensor arrays can be used 
not only for qualitative classification but also for 
quantitative estimation of selected compounds.

Among the available sensor technologies, 
metal oxide semiconductor (MOS) [10–13] sen-
sors are characterized by high sensitivity to a 
broad range of volatile compounds, whereas elec-
trochemical (EC) sensors offer greater selectivity 
and stability under varying environmental con-
ditions [10,11,14,15]. The combination of these 
sensor types provides a complementary approach 
that can enhance the detection and estimation of 

compounds with different physicochemical prop-
erties and concentration ranges.

In this context, the present study focuses on the 
estimation of selected microbial volatile organic 
compounds – ethylbenzene, cumene, and limo-
nene – using multi-sensor gas arrays combined 
with regression and machine learning models [16–
18]. These compounds were selected due to their 
differing chemical characteristics and their rel-
evance as indicators of fungal activity. By linking 
the presence of characteristic mVOCs with sensor 
responses, the study aims to evaluate the potential 
of sensor-based systems as a rapid and cost-effec-
tive tool for the indirect detection of microbiologi-
cal contamination in indoor environments.

While numerous studies have investigated the 
application of gas sensor arrays for VOC classifi-
cation, fewer studies have focused on quantitative 
estimation of specific microbial volatile organic 
compounds under real indoor conditions. There-
fore, the objective of this study was not only to 
compare different predictive modeling approaches 
but also to evaluate their applicability for quantita-
tive mVOC estimation using field measurements 
calibrated against reference GC/MS analyses.

MATERIAL AND METHODS 

Materials

Examined objects

The study was conducted under field condi-
tions in a set of indoor environments character-
ized by varying levels of microbiological con-
tamination. A total of 15 rooms (marked r1-r15) 
were selected for analysis, representing different 
degrees of fungal presence – from reference envi-
ronments with no visible contamination to spaces 
with clear signs of mold growth. The diversity of 
the investigated environments made it possible to 
analyze a wide range of concentrations of micro-
bial volatile organic compounds (mVOCs) and to 
assess the performance of sensor-based estima-
tion methods under realistic conditions.

The sampling locations were selected on the 
basis of visual inspection and microbiological 
evaluation, with particular attention paid to vis-
ible fungal contamination, moisture conditions, 
and the functional characteristics of the build-
ings. The investigated objects consisted primarily 
of residential buildings, supplemented by several 
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public utility facilities. Such diversification of 
the analyzed environments enabled the inclusion 
of spaces representing different stages of micro-
biological degradation, which was important for 
assessing the effectiveness of indirect gas-sensing 
methods in indoor air quality evaluation.

Gas chromatography measurement
Reference measurements of selected mVOC 

concentrations were carried out using gas chroma-
tography coupled with mass spectrometry (GC/
MS). The analyses were performed using solid-
phase microextraction (SPME), which enabled the 
preconcentration of volatile compounds present in 
indoor air. For this purpose, Supelco CAR SPME 
fibers with a coating thickness of 75 µm were 
applied. During sampling, the fibers were exposed 
for 60 minutes in the central part of each investi-
gated room, ensuring unrestricted air access from 
all directions and allowing effective adsorption of 
volatile metabolites emitted by microorganisms.

After sampling, the fibers were transported 
to the laboratory under cooled conditions (4 °C) 
and subjected to thermal desorption in the GC/
MS injection port. Chromatographic analyses 
were performed using a TraceUltra gas chromato-
graph coupled with a PolarisQ mass spectrometer 
(Thermo Scientific), equipped with an Equity-
5MS capillary column manufactured by Supelco 
(30 m length, 0.25 mm internal diameter, 0.25 µm 
film thickness). Helium with a purity of 99.999% 
was used as the carrier gas at a constant flow rate 
of 1.2 mL/min.

The chromatographic data were analyzed 
using Xcalibur 1.4 software together with the 
NIST 08 and Wiley 8 spectral libraries, which 
enabled identification and quantitative evaluation 
of selected compounds, including ethylbenzene, 
cumene, and limonene.

Gas sensor array measurement
In parallel with the chromatographic analyses, 

measurements were carried out using a multi-sen-
sor gas array system functioning as an electronic 
nose. The applied measurement setup was based on 
a metal oxide semiconductor (MOS) sensor matrix 
composed of 17 gas sensors, designated from s1 
to s17. All sensors were manufactured by Figaro 
Engineering Inc. and selected according to their 
sensitivity toward volatile organic and inorganic 
compounds potentially associated with microbio-
logical contamination in indoor environments.

The sensor matrix incorporated sensors sensi-
tive to general air pollutants, alcohols, hydrocar-
bons, methane, ammonia, hydrogen sulfide, and 
other volatile compounds commonly identified as 
microbial metabolites. The configuration includ-
ed the following sensor types: TGS-2600-B00 
(s1), TGS-2602-B00 (s2), TGS-2610-D00 (s3), 
TGS-2611-E00 (s4), TGS-2620-C00 (s5), TGS-
4161 (s6), TGS-2444 (s7), TGS-2442-B02 (s8), 
TGS-800 (s9), TGS-825-A00 (s10 and s11), TGS-
813-A00 (s12), TGS-821 (s13), TGS-823-A00 
(s14), TGS-812 (s15), TGS-830 (s16), and TGS-
832-A00 (s17).

The sensors were mounted inside the measure-
ment chamber in a compact matrix configuration 
ensuring uniform exposure to the analyzed gas 
mixture and stable operating conditions during 
measurements. The arrangement of the sensors 
within the chamber enabled simultaneous acquisi-
tion of multidimensional response patterns gener-
ated by interactions between the gas mixture and 
the sensing surfaces. Such a configuration allowed 
the system to capture complex changes in indoor 
air composition associated with fungal contami-
nation and microbial volatile organic compounds.

Methods

Description of measuring procedure

Prior to each measurement, the sensor system 
was purged with clean reference air in order to 
stabilize the baseline signal and remove residual 
compounds from previous analyses. The flushing 
process was carried out using synthetic air sup-
plied from a gas cylinder, ensuring minimal back-
ground interference. 

During the measurement procedure, air sam-
ples were collected using a sampling bag and 
introduced into the sensor chamber. The sensor 
responses were recorded over a defined time 
interval, allowing for the acquisition of stable and 
repeatable signal patterns. Each measurement 
cycle included a baseline stabilization phase, an 
exposure phase, and a recovery phase, during 
which the sensors returned to initial conditions.

The recorded sensor signals were preproc-
essed prior to model development. The preproc-
essing procedure included normalization, outlier 
removal, and synchronization with the reference 
GC/MS measurements. These steps ensured 
consistency between sensor responses and chro-
matographic data and enabled the application of 
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statistical regression and machine learning models 
for mVOC concentration estimation. The overall 
research workflow is presented in Figure 1.

Data processing

The data obtained from the sensor arrays were 
further analyzed using both conventional statisti-
cal methods and advanced predictive modeling 
techniques. In particular, linear regression models 
were applied as a baseline approach to describe 
the relationship between sensor responses and the 
concentrations of selected mVOCs.

Linear regression

Regression modeling aimed to estimate par-
ticular substance concentration (dependent vari-
able) based on the sensor signals (independent 
variables). The fundamental form of linear regres-
sion is expressed as follows: 

	 𝛾𝛾 = 𝛽𝛽0 +∑ 𝛽𝛽𝑖𝑖𝑋𝑋𝑖𝑖 + 𝜀𝜀
𝑛𝑛

𝑖𝑖=1
 

 

 

	 (1)

where:	 γ – estimated (ethylbenzene, cumene and 
limonene) concentration, 𝑋𝑖 – response 
of the i- this sensor, 𝛽𝑖 -regression coef-
ficients, ε- random component.

Artificial intelligence methods

In order to improve prediction accuracy, 
machine learning techniques were applied, includ-
ing support vector machines (SVM) and multi-
layer perceptron (MLP) neural networks [17–19]. 
The SVM method is based on the construction of 
an optimal decision function that minimizes pre-
diction error while maintaining good generaliza-
tion ability. In regression tasks, SVM enables the 
identification of nonlinear relationships between 
sensor responses and the concentrations of ana-
lyzed compounds through the application of ker-
nel functions.

The MLP model represents a feed-forward 
artificial neural network composed of intercon-
nected neurons arranged in input, hidden, and 
output layers. During the training process, the 
network adjusts connection weights iteratively, 
allowing the model to capture complex nonlinear 
dependencies occurring within multidimensional 
sensor datasets. Owing to its adaptive structure, 
the MLP approach is particularly suitable for the 
analysis of gas sensor array signals characterized 

by high variability and mutual interactions 
between variables [20,21].

The recorded sensor signals were further pro-
cessed and compared with the reference GC/MS 
data. Preprocessing steps included normalization, 
removal of outliers, and temporal alignment of 
sensor responses with chromatographic measure-
ments. These procedures ensured consistency 
between datasets and enabled the application of 
regression and machine learning models for the 
estimation of mVOC concentrations. Reference 
measurements of ethylbenzene, cumene, and 
limonene concentrations were performed using 
solid-phase microextraction coupled with gas 
chromatography and mass spectrometry (SPME-
GC/MS) [22].

The application of both approaches enabled 
a comparative evaluation of traditional statistical 
and machine learning methods for the estimation 
of selected microbial volatile organic compounds, 
namely ethylbenzene, cumene, and limonene.

Prior to model development, the recorded 
sensor responses were subjected to preprocess-
ing procedures including normalization and 
extraction of representative signal features. For 
each sensor, averaged relative resistance values 
obtained during the stabilized phase of the mea-
surement signal were used as input variables for 

Figure 1. Schematic overview of the experimental 
procedure used in the MOS and EC series
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statistical and machine learning analyses. This 
approach reduced the influence of short-term 
fluctuations and improved the repeatability of the 
obtained datasets [23]. To ensure reliable model 
evaluation despite the limited number of samples, 
a 5-fold cross-validation procedure was applied. 
The dataset was randomly divided into five sub-
sets, and during each iteration, four subsets were 
used for model training while the remaining sub-
set was used for validation. The final performance 
metrics were calculated as the average values 
obtained across all validation folds. This approach 
reduced the risk of overfitting and improved the 
robustness of model assessment.

The predictive performance of the developed 
models was assessed using commonly applied 
statistical indicators, including the coefficient 
of determination (R2), root mean square error 
(RMSE), and mean absolute error (MAE). 

RESULTS 

Data from gas chromatography

The data presented in Table 1 summarize the 
concentrations of ethylbenzene, cumene, and lim-
onene obtained from SPME-GC/MS analyses per-
formed using SPME fibers exposed in the inves-
tigated indoor environments. The results indicate 
that limonene exhibited the highest concentration 

levels and variability among the analyzed com-
pounds, whereas cumene occurred predominantly 
at trace concentrations. Ethylbenzene was char-
acterized by moderate and relatively stable con-
centration values across the examined samples. 
The results are arranged in descending order 
according to limonene concentration, which 
showed the widest concentration range among the 
analyzed compounds. This arrangement enables a 
clearer comparison of the variability of selected 
microbial volatile organic compounds across the 
investigated indoor environments. 

Data from gas sensor array

The sensor array signals consisted of time-
dependent resistance changes recorded for indi-
vidual sensors during exposure to indoor air 
samples. Each investigated environment was rep-
resented by a multidimensional dataset composed 
of resistance responses obtained from the sen-
sors included in the matrix. Variations in signal 
intensity and temporal response profiles reflected 
differences in the composition of volatile com-
pounds present in the analyzed indoor environ-
ments. Exemplary signal achieved during in situ 
tests by sensor array is presented in Figure 2.

The obtained sensor responses demonstrat-
ed clear variability between the analyzed indoor 
environments. Differences were observed both 
in the magnitude of relative resistance changes 

Table 1. Concentrations of selected microbial volatile organic compounds identified in individual indoor 
environments using SPME-GC/MS analysis

Rooms Ethylbenzene [µg/dm3] Cumene [µg/dm3] Limonene [µg/dm3]

R1 0.0091 0.0008 0.1452

R2 0.0014 0.0001 0.0484

R3 0.0154 0.0016 0.0283

R4 0.0070 0.0 0.0005

R5 0.0044 0.0004 0.0004

R6 0.0137 0.0000 0.0202

R7 0.0259 0.0003 0.0007

R8 0.0019 0.0002 0.0139

R9 0.0074 0.0016 0.0000

R10 0.0026 0.0003 0.0100

R11 0.0049 0.0003 0.0077

R12 0.0079 0.0003 0.0025

R13 0.0023 0.0004 0.0019

R14 0.0032 0.0000 0.0015

R15 0.0001 0.0000 0.0008
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and in the temporal characteristics of the sensor 
signals. Selected sensors showed pronounced 
responses during exposure to samples charac-
terized by elevated concentrations of microbial 
volatile organic compounds, whereas lower 
signal intensities were recorded for reference 
environments with limited microbiological 
contamination [24].

The multidimensional character of the record-
ed signals enabled the identification of distinct 
response patterns associated with different air qual-
ity conditions. Variations in signal profiles between 
individual rooms confirmed the sensitivity of the 
applied sensor matrix to changes in the composition 

of volatile compounds present in indoor air. The 
processed sensor datasets were subsequently used 
for the development of regression and machine 
learning models aimed at estimating ethylbenzene, 
cumene, and limonene concentrations.

DISCUSSION

Analysis of reference data from 		
gas chromatography

The comparative analysis of the obtained 
results is presented in Table 2, which 

Figure 2. Exemplary raw signal achieved by the applied gas sensor array within in situ tests
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summarizes the statistical characteristics of 
the analyzed compounds together with the per-
formance of the developed estimation models. 
The table includes the minimum (Min), maxi-
mum (Max), and mean (Mean) concentrations 
determined using the GC/MS method, as well as 
additional statistical parameters such as median 
values, lower and upper quartiles (Q1 and Q3), 
and standard deviation (SD). The presented data 
indicate that limonene was characterized by 
the highest concentration levels and the great-
est variability among the analyzed compounds, 
whereas cumene occurred predominantly at 
trace concentrations. Despite these differences, 
satisfactory estimation results were achieved 
for all investigated substances using sensor-
based predictive models.

The descriptive statistics of the reference 
SPME-GC/MS measurements indicate clear dif-
ferences in the concentration ranges of the ana-
lyzed compounds. Ethylbenzene occurred at 
moderate levels, with concentrations ranging 
from 0.0001 to 0.0259 µg/dm³. Its mean value 
was 0.0071 µg/dm³, while the median was 0.0049 
µg/dm³, indicating moderate variability between 
the investigated rooms.

Cumene was detected at the lowest concen-
tration levels among the analyzed compounds. 
In several rooms, its concentration was equal 
to 0.0000 µg/dm³, while the maximum value 
reached 0.0016 µg/dm³. This confirms that 
cumene occurred mainly at trace levels, which 
may affect the stability of its quantitative estima-
tion using sensor-based models.

Limonene showed the widest concentra-
tion range, from 0.0008 to 0.1452 µg/dm³, 
and the highest mean concentration among the 
analyzed compounds. The elevated maximum 
value and relatively high standard deviation 
indicate substantial differences between indi-
vidual indoor environments. These differences 
suggest that limonene emissions varied consid-
erably depending on the conditions present in 
particular rooms. Limonene, characterized by 
higher concentrations and larger variability, 

generated stronger sensor responses, facili-
tating model development. Cumene occurred 
mainly at trace levels, resulting in weaker sig-
nal-to-noise ratios. Ethylbenzene showed inter-
mediate behavior.

Overall, the reference GC/MS data show 
that the analyzed compounds differed markedly 
in concentration level and variability. These dif-
ferences were important for further model devel-
opment, as compounds occurring at trace levels 
may be more difficult to estimate accurately than 
compounds characterized by stronger and more 
variable concentration signals [18,19].

Analyses data from gas sensor arrays

Table 3 presents the averaged values of relative 
resistance obtained for individual sensors of the 
MOS matrix during measurements performed in the 
investigated indoor environments [25]. In addition 
to mean sensor responses, the table also includes 
standard deviation values describing the variability 
of signals recorded for particular sensors.

Linear regression models
The statistical parameters obtained for the 

linear regression models developed for ethyl-
benzene, cumene, and limonene are presented in 
Table 4. The results indicate that the regression 
models achieved different levels of prediction 
accuracy depending on the analyzed compound.

The highest coefficient of determination 
(R2=0.850) was obtained for cumene, indicating 
the best agreement between predicted and ref-
erence values among the analyzed substances. 
Slightly lower, but still satisfactory, prediction 
performance was observed for ethylbenzene 
(R2=0.793). In contrast, the limonene model 
was characterized by the lowest coefficient of 
determination (R2= 0.588), suggesting greater 
variability and reduced prediction stability for 
this compound.

Similar relationships were observed for the 
error indicators RMSE and MAE. The lowest pre-
diction errors were obtained for cumene, whereas 

Table 2. Statistics of the GC-MS estimation of particular volatile organic compounds concentrations

Compound Min 
[µg/dm3]

Max 
[µg/dm3]

Mean 
[µg/dm3]

Median 
[µg/dm3]

Q1 
[µg/dm3]

Q3 
[µg/dm3]

SD [
µg/dm3]

Ethylbenzene 0.0001 0.0259 0.0078 0.0049 0.0023 0.0091 0.0065

Cumene 0.0000 0.0016 0.0004 0.0003 0.0001 0.0005 0.0004

Limonene 0.0008 0.1452 0.0239 0.0139 0.0025 0.0207 0.0362
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the highest values were observed for limonene. 
The obtained results indicate that the effective-
ness of linear regression models depended on the 
concentration variability and signal characteris-
tics of the analyzed compounds.

The performance of the developed linear 
regression models was evaluated using the coef-
ficient of determination (R²), root mean square 
error (RMSE), and mean absolute error (MAE). 
Among the analyzed compounds, cumene 
achieved the highest prediction accuracy (R² = 
0.850), followed by ethylbenzene (R²=0.793). 
In contrast, limonene showed the lowest model 
performance (R²=0.588) and the highest predic-
tion errors. These results suggest that compounds 
characterized by higher concentration variabil-
ity were more difficult to estimate using linear 
regression methods. information enabling quan-
titative estimation of selected microbial volatile 
organic compounds.

AI models
The prediction performance obtained using 

the support vector machine (SVM) approach is 
summarized in Table 5. The table presents the 
statistical parameters describing the accuracy of 
concentration estimation for the analyzed com-
pounds.svm

The application of artificial intelligence meth-
ods resulted in lower prediction errors compared 
to the classical linear regression models. In partic-
ular, the SVM approach achieved very high coef-
ficients of determination together with low RMSE 
and MAE values for all analyzed compounds.

The MLP (Table 6) models also provided 
satisfactory estimation accuracy, especially for 
ethylbenzene and limonene. Overall, the obtained 
results indicate that machine learning techniques 
enabled more effective interpretation of multidi-
mensional sensor signals and improved the esti-
mation of microbial volatile organic compound 
concentrations in comparison with linear regres-
sion methods.

Comparison of model performance
The comparison of statistical parameters 

obtained for the developed models indicates that 
machine learning approaches generally provided 

Table 3. Mean values of relative resistance and standard 
deviation obtained for individual sensors of the MOS 
sensor array

Number 
of sensor

Relative 
resistance [-]

Standard 
deviation [-]

s1 0.545 0.083

s2 0.227 0.123

s3 0.481 0.086

s4 0.445 0.073

s5 0.435 0.174

s6 0.081 0.011

s7 0.214 0.122

s8 0.221 0.118

s9 0.381 0.065

s10 0.206 0.106

s11 0.223 0.122

s12 0.262 0.150

s13 0.513 0.151

s14 0.390 0.308

s15 0.523 0.083

s16 0.587 0.175

s17 0.919 0.228

Table 4. Statistical parameters obtained for linear regression models developed for selected mVOCs

Compound R2 RMSE [µg/dm3] MAE [µg/dm3]

Ethylbenzene 0.793 0.003 0.002

Cumene 0.850 0.000 0.000

Limonene 0.588 0.025 0.018

Table 5. Statistical parameters obtained for SVM 
models

Compound RMSE R2 MAE

Ethylbenzene 0.001 0.995 0.001

Cumene 0.000 0.994 0.000

Limonene 0.003 0.996 0.003

Table 6. Statistical parameters obtained for MLP 
models

Compound RMSE R2 MAE

Ethylbenzene 0.002 0.932 0.001

Cumene 0.001 0.083 0.001

Limonene 0.003 0.995 0.002
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higher prediction accuracy than classical linear 
regression models. Among the analyzed methods, 
the SVM models achieved the best overall perfor-
mance, characterized by the highest coefficients 
of determination and the lowest prediction errors 
for all investigated compounds.

The MLP models also demonstrated high esti-
mation accuracy for ethylbenzene and limonene. 
However, a significantly lower R2 value was 
observed for cumene, suggesting reduced model 
stability for compounds occurring at very low 
concentration levels.

In contrast, the linear regression models 
were characterized by lower prediction accuracy, 
particularly for limonene, for which the high-
est RMSE and MAE values were obtained. The 
results confirm that nonlinear machine learning 
methods are more effective for the interpretation 
of multidimensional gas sensor array data and 
estimation of microbial volatile organic com-
pound concentrations.

The comparison of the developed models 
demonstrated clear differences in prediction per-
formance depending on the applied analytical 
approach and the investigated compound. Among 
all analyzed methods, the SVM models achieved 
the highest prediction accuracy, with coefficients 
of determination close to 1.0 and consistently 
low RMSE and MAE values for ethylbenzene, 
cumene, and limonene.

The MLP models also provided satisfactory 
estimation results, particularly for ethylbenzene 
and limonene. However, significantly lower 
prediction accuracy was observed for cumene, 
indicating reduced effectiveness of the neural 
network model for compounds occurring at trace 
concentration levels.

The low R² value obtained for the MLP 
model in the case of cumene may be attributed 

to the extremely narrow concentration range 
and low variance of the target variable. Neural 
networks generally require larger datasets and 
stronger signal variability to learn robust nonlin-
ear relationships. Consequently, the MLP model 
was less effective for cumene than both SVM and 
linear regression.

In comparison, the linear regression models 
were characterized by lower coefficients of deter-
mination and higher prediction errors, especially 
in the case of limonene. The obtained results indi-
cate that nonlinear machine learning approaches 
are more suitable for the interpretation of multi-
dimensional gas sensor array signals and for the 
estimation of microbial volatile organic com-
pounds in indoor air environments (Table 7).

CONCLUSIONS

The conducted study demonstrated the 
potential applicability of MOS gas sensor arrays 
combined with statistical and machine learning 
methods for the indirect estimation of selected 
microbial volatile organic compounds occurring 
in indoor environments. The proposed approach 
enabled the analysis of multidimensional sen-
sor responses associated with varying levels of 
microbiological contamination observed in the 
investigated rooms.

Reference concentrations of ethylbenzene, 
cumene, and limonene determined using the 
SPME-GC/MS method revealed noticeable dif-
ferences in both concentration levels and variabil-
ity of the analyzed compounds. Among the inves-
tigated substances, limonene exhibited the high-
est concentration values and the widest variabil-
ity range, whereas cumene was detected mainly 
at trace levels. These differences significantly 

Table 7. Comparison of statistical parameters obtained for different estimation models

Compound Model R² RMSE [µg/dm³] MAE [µg/dm³]

Ethylbenzene Linear regression 0.793 0.003 0.002

Ethylbenzene SVM 0.995 0.001 0.001

Ethylbenzene MLP 0.932 0.002 0.001

Cumene Linear regression 0.850 0.000 0.000

Cumene SVM 0.994 0.000 0.000

Cumene MLP 0.083 0.001 0.001

Limonene Linear regression 0.588 0.025 0.018

Limonene SVM 0.996 0.003 0.003

Limonene MLP 0.995 0.003 0.002
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influenced the effectiveness of the developed 
estimation models and the quality of prediction 
results obtained from sensor signals.

The performed analyses confirmed that the 
applied MOS sensor matrix was sensitive to 
changes in the composition of indoor air and 
capable of generating characteristic multidimen-
sional response patterns corresponding to differ-
ent environmental conditions. The obtained sen-
sor signals allowed the development of predic-
tive models enabling quantitative estimation of 
selected mVOCs.

Comparison of the investigated modeling 
approaches demonstrated that machine learning 
methods provided substantially better prediction 
accuracy than classical linear regression models. 
Among all analyzed techniques, the support vec-
tor machine approach achieved the highest coef-
ficients of determination together with the lowest 
RMSE and MAE values for all investigated com-
pounds. The Multi-Layer Perceptron models also 
provided satisfactory results for ethylbenzene and 
limonene, although reduced prediction accuracy 
was observed for cumene, likely due to its very 
low concentration levels and limited variability 
within the analyzed dataset.

The obtained results indicate that nonlinear 
machine learning approaches are particularly 
suitable for the interpretation of multidimen-
sional gas sensor array signals and estimation of 
microbial volatile organic compounds in indoor 
environments. The proposed methodology may 
therefore provide a basis for the development of 
rapid, low-cost, and non-invasive systems sup-
porting indoor air quality assessment and pre-
liminary detection of microbiological contami-
nation in buildings.
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