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ARTICLE INFO ABSTRACT

Handling Editor: Jose L Domingo Solid phase microextraction Arrow and thermal desorption—gas chromatography-mass spectrometry allowed the
collection and evaluation of volatile organic compounds (VOCs) emitted by fungal cultures from building
insulation materials and in indoor air. Principal component analysis, linear discriminant analysis and supported
vector machine were used for visualization and statistical assessment of differences between samples. In addi-
tion, a screening tool based on the soft independent modelling of class analogies (SIMCA) was developed for
identification of fungal contamination of indoor air. Ten different fungal strains, incubated under ambient and
microaerophilic conditions, were analyzed for time period ranging from 5 to 29 days after inoculation resulting
in a total of 140 samples. In addition, the effect of additives on the fungal growing media was studied. The total
number of compounds and concentration values were used for the evaluation of the results. Clear differences
were observed for VOC profiles emitted by different fungal strains by exploiting long chain alcohols (3-octanol,
1-hexanol and 2-octen-1-ol) and sesquiterpenes (farnesene, cuprene). The analysis of glass-wool and cellulose
based building insulation materials (3 samples) gave clear differences, mainly for oxygenated compounds (ethyl
acetate and hexanal) and benzenoids (benzaldehyde). Moreover, the comparison of indoor air and insulation
materials collected from a house with fungal indoor air problems indicated that 42% of the VOCs were found in
both samples. The analysis of 52 indoor air samples demonstrated clear differences in their VOC profiles,
especially for hydrocarbons, and between control (44 samples) and indoor air problem houses (8 samples).
Finally, the SIMCA model enabled to recognize differences between control and fungi contaminated houses with
a prediction capacity over 84%.
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1. Introduction Bacteria, fungi and all microbes in general are ubiquitously present

in the indoor air. Some of them are even able to grow on the building

Recent studies have reported that humans spend 90% of their time
indoors (Schweizer et al., 2007). Volatile organic compounds (VOCs)
present in indoor air gas phase and particles can be absorbed by lungs
affecting the human health or at least the quality of life. (Gallon et al.,
2020; Kim et al., 2011). These VOCs can be emitted into the indoor air
by a wide variety of sources being mainly building materials, but also
due to anthropogenic and biogenic activities. Biogenic compounds are
emitted by microbes (Ruiz-Jimenez et al., 2022).

material surfaces, using them as nutrients and releasing volatile, semi-
and non-volatile compounds into the indoor air (Salonen et al., 2007).
The volatiles are commonly called as microbial volatile organic com-
pounds (MVOCs) (Korpi et al., 2009). Large variations on the microbial
emission profiles are caused by the external environmental conditions
such as temperature and relative humidity (Portnoy et al., 2004). Some
of these compounds are toxic or hazardous for humans even at tiny
concentrations, when the toxicity of many others depends on their
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concentrations (Brown et al., 2013).

Individual MVOCs have attracted an interest for the identification of
the different species or strains present in the air in the recent years
(Korpi et al., 2009). Multiple databases are available in the literature
containing detailed information of the MVOCs emitted by a wide variety
of microbes (Lemfack et al., 2018). However, it should be emphasized
that most of these individual compounds can be also emitted by many
other sources, limiting their utilization as markers of microbes (Korpi
et al., 2009; Ortiz-Castro et al., 2009). More complex approaches, based
on MVOC fingerprints containing multiple compounds, might partially
overcome this problem (Vergara-Fernandez et al., 2018).

The different techniques and approaches used for indoor air MVOCs
sampling and analysis are similar to those used for the analysis of
building material emissions. Active sampling techniques based on the
use of an external pump or vacuum system to move the air through the
collection media, filter or sorbent traps are frequently employed for the
collection of MVOCs (Ruiz-Jimenez et al., 2022). Sampling tubes packed
with commercial sorbents Tenax TA and Carbograph 5TD, have been
widely used due to their wide collection capacity and good sampling
efficiency in presence of humidity in the air (Ahmed et al., 2018).
However, passive sampling techniques, frequently used for the analysis
of emissions from building materials and/or anthropogenic activities,
are rarely used for the biogenic samples (Adamova et al., 2019). Some of
the MVOCs are emitted at relatively low concentrations. This requires
long sampling times to collect amounts high enough for a successful
analysis. For this reason, miniaturized air sampling techniques,
commonly employed in outdoor air analysis, are potential alternatives
due to their clear advantages when compared their performance over
that of conventional ones (Lan et al., 2020).

The MVOCs analysis usually involves thermal desorption (TD) before
gas chromatographic (GC) analysis and mass spectrometry (MS) for the
identification and quantification of the compounds but other detectors
should not be discarded (Ruiz-Jimenez et al., 2022). The lack of com-
mercial standard compounds for a reliable identification of all the
MVOCs in untargeted analysis requires multiparameter identification
approaches. The most common one involves the identification of the
compounds by comparison of the GC retention times and mass spectra
obtained from the different peaks and those provided by a database
(Betancourt et al., 2013; Lee et al., 2015). In addition, more complex
approaches, based on high resolution proton transfer reaction mass
spectrometry, have also been used for the elucidation of a relatively
large number of MVOCs in indoor air samples (Misztal et al., 2018).

The evaluation of the indoor air problems requires the collection and
identification of the microbial species present in the houses and/or
public premises. Vacuum surface sampling with commercial micro
vacuum cassettes allows the collection of fungal spores that can be
identified by classical techniques such as visual examination of agar
cultures and strains or by more advanced ones based on DNA analysis
(Park et al., 2018).

Supervised and non-supervised pattern recognition methods for the
visualization and statistical evaluation of analytical data have been also
widely exploited in the recent years (Tzanakou, 2017). They include
classical statistical algorithms such as principal component analysis
(PCA) or cluster analysis (CA) for the visualization of sample differences
or machine learning (ML) algorithms for the statistical evaluation of the
differences observed. ML includes relatively simple and more sophisti-
cated algorithms, such as linear discriminant analysis (LDA), support
vector machines (SVM), and neural networks (NN) (Multia et al., 2020;
Liangsupree et al., 2021). The classification capacity of soft independent
modelling of class analogies (SIMCA) to identify samples without
belonging to the model, or belonging to a single class or overlapping
classes should be emphasized (Pomerantsev and Rodionova, 2020). A
careful interpretation of the different trends observed by SIMCA, for
samples not included in the model development, might be of great in-
terest in the analysis of natural samples.

The main objective of this research was to evaluate VOC emissions
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from fungal cultures, insulation building materials and indoor air sam-
ples using SPME Arrow for the collection of the VOCs followed by TD-
GC-MS analysis. The statistical analysis, based on classical and ML al-
gorithms, enabled the visualization and evaluation of sample differ-
ences, the potential discrimination between samples and the potential
indoor air quality evaluation. Fungal cultures, building insulation ma-
terials and natural indoor air samples were used as samples. The effect of
important variables, such as the growing media, the incubation atmo-
sphere and the time after inoculation on the fungal VOC emission pro-
files, was clarified. In addition, the potential use of these profiles for the
identification of the different strains was also evaluated. Variations in
VOC profiles from control houses and from those having contaminated
indoor air were also assessed. Furthermore, potential differences on the
emissions, based on building insulation material composition, were
elucidated and compared with the emissions from fungi contaminated
houses. Finally, a SIMCA based screening tool for the recognition dif-
ferences between control and contaminated houses with fungi was
developed.

2. Experimental
2.1. Instruments and apparatus

A PAL RTC auto-sampler controlled using PAL Cycle Composer
software (CTC analytics AG, Zwingen Switzerland) was used for the
collection and analysis of VOCs emitted from fungal cultures and
building insulation materials. The combination of software and hard-
ware allows the automated performance of all the SPME Arrow steps,
avoiding all the contact between the analyst and the potential hazard or
toxic compounds emitted by the samples.

A 6890 N gas chromatograph (Agilent Technologies, Palo Alto, USA)
coupled to an Agilent 5975C quadrupole mass spectrometer was used for
the separation and detection of the VOCs. The chromatograph was fur-
nished with a GL Sciences (Eindhoven, The Netherlands) InertCap for
Amines (30 m x 0.25 mm i. d., no information was provided for the film
thickness) fused silica column coupled with a 3-m deactivated retention
gap (i.d. 0.53 mm, Agilent).

Eight commercial SPME Arrows (CTC analytics), four coated with
polydimethylsiloxane-divinylbenzene (PDMS-DVB) and four with car-
bon wide range (Carbon WR)-PDMS, were used for VOCs sampling, both
in-vitro and natural samples studies.

2.2. Samples

Twenty-seven 20 mL glass vials were filled with 5 mL of malt agar
from NutriSelect®Plus (Merck KGaA, Darmstadt, Germany). Boric acid
and borax at 2 mg mL™! from Sigma-Aldrich (Darmstadt, Germany)
were added to two vials to evaluate the potential effect of common
antifungal additives on the fungal metabolism. The vials were seeded, at
least in duplicate, with a selection of fungi commonly found in houses
with indoor air problems. The list of fungi and the growing media can be
found in Table S1. After inoculation, the vials partially closed with a
PTFE/silicone septum screw-cap (both from Phenomenex, Torrance,
California, USA) were divided into two different incubators, ambient
and microaerophilic atmospheres, placed under a proper ventilation
system. The latter atmosphere was achieved using an Oxoid CO2 Gen
Sachet (Thermo Fisher Scientific, Massachusetts, USA). The micro-
aerophilic bag was replaced with a new one weekly to ensure the proper
CO; concentration on the incubator atmosphere. The fungal cultures
were split into both incubators, at least one vial from each fungal culture
was placed in each of them. In addition, a vial containing 5 mL of malt
agar but non-seeded were introduced into the incubators to check the
substrate emissions and potential cross contamination. Cultures were
incubated at room temperature for 5 days before the first analysis.
Finally, the vials were closed before analysis and reopened once
returned to the incubator. All materials and solutions were sterilized
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before use to avoid undesirable contamination.

Three different building insulation materials, two glass wool- and
one cellulose-based, were collected from a house, located in southern
Finland, with indoor air quality problems. These building materials were
collected during summer 2019 from three different rooms of the house
right away after gypsum board removal. The samples were stored at
—20 °C until analysis. Approximately 0.2 g of the building insulation
materials were accurately weighted and placed into glass vials, similar
to those previously described for the preparation of the fungal culture
inoculums. The total volume of the sample in the vial was under one
third of the vial total volume. Empty vials, previously sterilized, were
used as blank samples to remove the contribution of the laboratory in-
door air on the emission results.

Indoor air VOCs were collected from 24 houses at southern and
eastern Finland regions during summer 2019 and summer/autumn
2020. Sampling places include private houses/apartments and public
premises used as control samples (22 houses/apartments, 44 samples)
and others with indoor air problems reported (3 houses, 8 samples).
Houses with indoor air problems were defined as those that produce
health problems (diseases or symptoms) in their inhabitants. These
problems appeared repeatedly when the person goes into the house, and
they were harmless or disappeared when the person was away from the
house. It should be considered that these problems might be caused by
the exposure of the inhabitants to multiple chemical substances at very
low concentration or the presence in the house of fungi, emitting toxic
compounds to the indoor air. The later were frequently confirmed using
other test such as trained dogs for fungal detection. On the other side,
the term reference houses include those used regularly by their in-
habitants, for a period of at least 1 year, without any health problems
associated to the use of the house inhabitation.

Indoor air samples were collected at least from two different rooms
in each sampling place. Blank correction was achieved by analysis of
SPME Arrow, previously conditioned, located in the sampling place but
not exposed to the indoor air.

2.3. Sampling procedures

In all the cases, the SPME Arrow sorbents were conditioned before
sampling for 10 min at 250 °C using the auto-sampler conditioning
module. In addition, no internal standard was used to avoid potential
contamination of the fungal cultures with other bacteria and fungi
possibly present in the indoor air.

In the case of the fungal cultures, the SPME Arrow systems were
exposed to the headspace of the vial at 30 °C for 30 min. Fungal cultures
were analyzed in triplicate twice a week for a 4 weeks period to evaluate
the effect of the incubation time after seeding on the fungal VOC
emissions (5, 8, 12, 15, 19, 22, 26 and 29 days after inoculation). The
caps of the vials were replaced, under a sterile atmosphere, from all the
vials after analysis, thereby preventing from leaks and contamination.
The building insulation materials were analyzed also in triplicate at
30 °C using the same method.

In the case of the indoor air samples, preconditioned SPME Arrows
were stored at —20 °C in closed plastic zip bags until used at home by
non-trained analysts following detailed instructions. The SPME Arrow
samplers were exposed to the indoor air for a period ranged between 15
and 120 min depending on the samples, with the exception of those used
as blanks. Storage time between preconditioning, collection and analysis
was less than 48 h.

2.4. Gas chromatography mass spectrometry analysis

In all the cases, the adsorbed compounds on the SPME Arrow were
injected into the GC by thermal desorption at 250 °C for 1 min using the
chromatograph inlet operated in splitless mode. The oven temperature
program was the following: the initial temperature (40 °C) was kept for
2 min and then ramped up to 250 °C at 20 °C min~! and held there for 5
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min. Total run time was 17.5 min. Transfer line, ion source and quad-
rupole temperatures were 250 °C, 230 °C and 150 °C, respectively.
Electron impact ion source was operated at 70 eV and the scan range was
15-350 m/z. Helium (99.996%, AGA, Espoo, Finland) was used as a

carrier gas with flow rate of 1.2 mL min .

2.5. Data processing and statistical analysis

The procedure used for chromatogram alignment, peak detection
and integration; extraction of mass spectra and tentative identification
of the aligned peaks was carried out using the methodology developed in
our previous research. Mzmine2 (version 2.53) was used for the devel-
opment of all the steps of data processing, with exception of the peak
identification. Experimental mass spectra and retention index values
were manually compared with those provided by NIST 20 database for
the tentative identification of the compounds (Lan et al., 2021; Pusfi-
tasari et al., 2022).

An R 3.5.1 software was used for the development of the statistical
analysis. The approach used for the quantitation/semiquantitation of
the VOCs was similar to that developed in previous research with some
modifications (Pusfitasari et al., 2022). Model compounds were classi-
fied by CA into three different groups, according to their mass spectra
similarities and differences. These groups were used for both the
development of partial least squares regression (PLSR) equations for the
different coating materials as described in our previous publication
(Kopperi et al., 2013) and the development of LDA models for the
classification of the identified VOCs into these groups.

The visualization of the potential differences between the VOCs
profiles obtained from the studies and the identification of the key
compounds to explain these differences was achieved by PCA, a non-
supervised pattern recognition approach. These differences were
confirmed by the use of basic and more advanced supervised pattern
recognition techniques such as linear LDA and SVM. These techniques
were also used for the differentiation of the different fungal strains used
in the experiments based on their VOC emissions and the identification
of houses and premises with indoor air problems (Liangsupree et al.,
2021). In all the cases, training and validation sets containing samples
randomly selected were established for the development and validation
of the models. These groups of samples contain 75% and 25% of the
samples under study for training and validation, respectively. The se-
lection of the most appropriate models for the evaluation of the samples
was based on the number of samples available for the calculations.
Finally, the use of VOC profiles, specific to certain fungi, as potential
biomarkers for the identification of houses and public premises
contaminated with fungi were evaluated by SIMCA.

3. Results and discussion

Volatile organic compounds emitted by 10 different fungal strains
were evaluated. Similarities and/or differences between the fungal
cultures and additional studies for the detailed evaluation of the incu-
bation time after inoculation, the atmosphere and growing media will be
discussed. Machine learning models, developed for the discrimination
between fungal strains, will be described. In addition, differences in the
indoor air VOC profiles from control and houses/public premises with
indoor air problems will be elucidated. The VOC emissions from insu-
lation materials and indoor air samples collected from houses with in-
door air problems will be also evaluated. Finally, VOC fungal emission
profiles were used as data input for the development of screening tools
for the discrimination between clean and fungal contaminated houses.

Unfortunately, the use of different fungal strains, growing substrate,
incubation conditions, experimental setup and analysis time after
inoculation hinder the quantitative comparison of the results achieved
in this research with those provided by previous studies in the literature.
However, microbial VOC 3.0 database allowed the comparison of the
VOC identified in this research with those found in previous studies
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using the same fungal strains (Lemfack et al., 2018).

3.1. Evaluation of the volatile organic compound emissions from fungal
strains

3.1.1. Effect of the incubation atmosphere

Ten fungal strains were seeded in duplicate in vials partially filled
with malt agar. These vials were divided into two different sets, con-
taining one replicate from each strain, and subsequently incubated in
two different CO, concentrations (ambient and microaerophilic). The
caps of the vials were partially opened to allow the equilibration be-
tween the gas phase of the vials and the incubator. Blank samples were
analyzed to subtracts potential cross contamination. The VOCs emitted
by the fungi to the headspace of the vials were analyzed for a period
ranged between 5 and 29 days after inoculation. The total number of
analyzed samples was 140. The results of the study were evaluated in
terms of number of VOCs emitted and their concentrations.

As can be seen in Fig. 1 A, the number of VOCs emitted by the fungal
cultures incubated under ambient conditions is larger in comparison
with those incubated under microaerophilic ones, with some exceptions.
Larger number of VOCs were emitted under microaerophilic atmosphere
in comparison with the ambient one for HJS11 and HKIP12. In addition,
similar number of compounds was emitted by Chaetomium globosum
ABCD in both atmospheres.

The evaluation based on the sum of the VOC concentrations, calcu-
lated for the different groups of compounds, gave similar trends (Fig. 1B
and C) to that previously described for the number of compounds. The
VOC concentrations were larger for the fungal cultures incubated under
an ambient atmosphere than the microaerophilic one (0 vs 0 results were
not considered), with some exceptions. Larger concentrations were
found in the VOC emitted from microaerophilic cultures than in the
ambient ones for HKIP12 (hydrocarbons, oxygenated compounds and
compounds with a lipid-like substructure), HSJ11 (oxygenated
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compounds and compounds with a lipid-like substructure), Aspergillus
versicolor 9775/K1 and Aspergillus westerdijkiae PP2 (hydrocarbons
and oxygenated compounds), Chaetomium globosum ABCD (compounds
with a lipid-like substructure); and Aspergillus niger Hambi 495
(hydrocarbons).

Principal component analysis was used for the visualization of the
differences between VOC emissions provided by fungal cultures incu-
bated under different oxygen concentrations. Individual PCA models
were developed for the different fungal strains under study. The detailed
evaluation of the score plots proved clear differences between the cul-
tures incubated under ambient and microaerophilic conditions (Fig. S1
A). In addition, the analysis of the loading plots revealed that certain
compound groups, including oxygenated and heterocyclic compounds,
benzenoids, hydrocarbons and compounds with a lipid like substructure,
can explain differences in the VOC emissions. Finally, clear differences
for the concentration values were observed in multiple fungal strains for
several individual compounds, such as acetone, 3-methyl-1-butanol, 2-
methoxy-furan, 5,7-octadien-4-one, 1-hexanol, 3-octanone, 3-octanol
and a-farnese (Fig. S1 B). All these compounds, with the exception of 2-
methoxy-furan and 5,7-octadien-4-one, were already reported as VOCs
emitted by fungi. However, other compounds with similar structures
such as 2,6-dimethyl-5,7-octadien-4-one or furan derivatives have been
frequently reported in the literature (Lemfack et al., 2018).

These differences were confirmed by the LDA, a simple supervised
pattern recognition approach. The selection of this algorithm was based
on the limited number of samples under study, ranging from 8 for
Chaetomium cochliodes OT7 to 19 for Chaetomium globosum ABCD.
Furthermore, no LDA model was developed for HJS11 due to its very
small number of samples. The prediction accuracy, for samples not
included in the model development, ranged from 64.7% for Aspergillus
niger Hambi 495 to 100% for Aspergillus calidoustus MH34.

26
29

Sampling day

Number of compounds

. —

Maitagar)  Aspergillus versicolor 9775/K1 Microaerophilic F
Ambient
(MaltAgar) HKIP12 Microaerophilic
Ambient
(Malt Agar) HJS11 Microaerophilic
Ambient
(MaltAgar) Paecilomyces variotii M69  Microaerophilic -
Ambient {IE
(MaitAgary  Chaetomium globosum ABCD Microaerophilic -
Ambient
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Fig. 1. Evaluation of the volatile organic compound emissions from fungal cultures as a function of A) the number of compounds and B) the sum of the average
concentration values for fungal cultures incubated under ambient (RSD values were ranged between 1.3 and 13.1% for oxygenated compounds from Chaetomium
globosum ABCD (sampling day 1) and benzenoids from Aspergillus calidostus MH34 (sampling day 3) respectively) and C) microaerophilic atmospheres (RSD values
were ranged between 2.3 and 12.7% for oxygenated compounds from HJS11 (sampling day 1) and lipids from Aspergillus versicolor GAS/226 (sampling day 19)
respectively). Samples were analyzed in triplicate. Number of compounds and concentration values were blank subtracted. Label lipids includes compounds with a

lipid like substructure.
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3.1.2. Effect of the incubation time after inoculation

The detailed analysis of the VOCs emitted by the fungal cultures
during the time period from 5 to 29 days after inoculation allowed the
evaluation of this parameter on the fungal emissions in terms of number
of compounds and concentrations.

In the first case, the number of emitted compounds decreased with
the incubation time after the first analysis (5 days from inoculation). As
can be seenin Fig. 1A, some VOCs emitted by fungi were still observed at
least 26 days after inoculation in the case of Aspergillus niger Hambi 495,
Aspergillus calidoustus MH34, Aspergillus westerdijkiae PP2, Paecilomyces
variotii Mo9 and Aspergillus versicolor 9775. However, no-VOC emissions
were seen after 19 days after inoculation for the rest of the fungal
cultures.

In the second case, the detailed evaluation of the concentration
values (Fig. 1 B and C) enabled the identification of different trends as a
function of the type of compounds and the growing atmosphere,
ambient or microaerophilic. Concentration values decreased with the
incubation time after the first analysis (5 days from inoculation) for all
the fungal cultures that grew under microaerophilic conditions. A
different trend, maxima concentration values were achieved between 8
and 22 days after inoculation and then decrease, was observed for
oxygenated compounds (Aspergillus niger Hambi 495, Chaetomium
cochliodes OT7, Aspergillus westerdijkiae PP2, Aspergillus calidoustus
MH34, HJS11, HKIP12 and Aspergillus versicolor 9775/K1); and com-
pounds with a lipid-like substructure (Aspergillus versicolor GAS/226 and
Aspergillus versicolor 9775/K1).
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The differences in the fungal strains’ metabolism and the nutrient
availability can explain the results and trends (Calvo et al., 2002). The
fungal cultures are able to intake nutrients just from the surface of the
malt agar. Once those are finished, nutrient availability will depend on
their diffusion through the agar until complete depletion (Sipiczki et al.,
1998). In addition, it can be assumed that nutrient availability on nat-
ural samples is also limited. The proper interpretation of the results
might be useful for the development of screening tools for the discrim-
ination of houses and public premises contaminated by fungi.

3.1.3. Effect of the growing media additives
To evaluate the effect of the growing media additives on the fungal
VOCs emission profiles, four vials were filled with 5 mL of malt agar, a

two of them seeded with Aspergillus niger Hambi 495 as usual (Group 1)
and the other two after addition of 2000 pg mL ™" of boric acid (Group 2).
Antifungal properties of boric acid are well known and it is widely used
as additive in building material manufacturing (De Seta et al., 2009).
Both groups of Aspergillus niger Hambi 495 samples were incubated under
ambient and microaerophilic conditions. The evaluation of fungal
emission profiles for VOCs, analyzed for a period ranging from 5 to 29
days after inoculation, were based on the number of compounds and on
concentration values (Fig. 1 A to C).

Similar results were obtained for the number of compounds in fungal
cultures incubated under ambient conditions. However, the number of
identified VOCs was slightly larger for fungal cultures that grew after
addition of boric acid to the malt agar in the vials incubated under
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microaerophilic atmosphere. In addition, the detailed evaluation of the
VOC emission profiles, based on the functional groups present in the
VOC molecules, gave clear differences. Those fungal cultures with boric
acid addition, provided the largest concentration values.

Principal component analysis was used for the visualization of the
differences between VOC emission profiles provided by the fungal cul-
tures. The evaluation of the score plots revealed clear differences be-
tween the fungal cultures independently of the addition of antifungal
additives. However, the analysis of the loading plots resulted in the
concentration values of three compounds, 3-octanone, furan and sty-
rene, that were statistically different for the samples under study (Fig. 52
B). These statistical differences between samples were confirmed by the
LDA, due to the small number of samples. The prediction accuracy for
samples not included in the model development was over 78%.

3.1.4. Comparison of volatile organic compounds emissions from fungal
cultures

Volatile organic compounds emitted by 10 fungal cultures, half
incubated under ambient and the rest under microaerophilic conditions,
were analyzed for a time period ranging between 5 and 29 days after
inoculation. The total number of analyzed samples were 140 and the
number of compounds identified from each culture and the average
concentration values were used as response factors for the potential
discrimination between the fungal cultures under study (Fig. 1 A to C).
The compounds analyzed from the blank vials were not considered as
response.

Clear differences were observed in the VOC profiles achieved from
the different fungal cultures under study. Just 2 VOCs were identified in
HJS11 and 26 compounds in Aspergillus calidoustus MH34. This fungal
strain grown under ambient conditions gave also the highest VOC con-
centration values. However, the lowest concentration values were
observed for Chaetomium cochliodes OT7 grew under microaerophilic
conditions.

The classification of the VOCs into groups based on their molecular
structures revealed even more clear differences between fungal strains.
For most of them, the highest concentration values were obtained for the
oxygenated compounds with some exceptions, such as benzenoids
(ambient) and lipids (microaerophilic) for Aspergillus versicolor GAS/
226, lipids for Aspergillus calidoustus MH34 (both ambient and micro-
aerophilic), hydrocarbons for Paecilomyces variotii Mo9 (both ambient
and microaerophilic); and compounds with a lipid like substructure for
Aspergillus versicolor 9775 (ambient).

The differences, in the number of compounds and their concentra-
tions, were exploited for the differentiation of fungal strains by a two-
step approach. In the first one, PCA was used for the visualization of
the potential differences between samples and the identification of
marker compounds. In the second, SVM was used to confirm these dif-
ferences and to evaluate its applicability for the identification/classifi-
cation of the different fungal strains based on the VOC emission profiles.

The PCA scores plot for the visualization of the differences between
fungal strains allowed the clear differentiation of at least one fungal
strain in each PCA, making possible the development of a new and
simpler PCA model after removal of samples previously identified. At
least 6 PCA models, up to 8 for samples incubated under microaerophilic
atmosphere, were required for the proper visualization of the differences
between all the strains under study (Fig. S3 A).

In all the cases, PCA loading plots for the different PCs were used for
the identification of the compounds responsible for the differences be-
tween the fungal strains, following the procedure described in our pre-
vious research (Liangsupree et al., 2021). The detailed evaluation of
these plots showed that a combination of at least 23 compounds might
be useful to distinguish the different fungal strains under study (Fig. S3
B). Most of these compounds (10) had a lipid like substructure, such as
long chain alcohols (2-methyl-3-octanol, 3-octanol, 1-hexanol and
2-octen-1-ol) and sesquiterpenes (farnesene, cuprene, sesquisabene,
chamigrene, bergamotene and valencene). Oxygenated compounds
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were the second group with the highest number of components (6).
Short chain alcohols (3-methyl-1-butanol, and 2-methyl-1-butanol),
ketones (acetone, 3-pentanone and 3-octanone) and organic acids
(acetic acid) belonged to this group. Five hydrocarbons were included in
the next group, including aliphatic and aromatic compounds (ethylene,
undecane, 3,4-dimethyl-heptane, 1-3-dimethyl-benzene, and 1-ethyl-3--
vinyl-adamantane). Finally, two heterocyclic compounds (2-(2-prope-
nyl)-furan, and 2-methyl-furan) formed the last group. All these
compounds, with the exception of sesquisabene, 3-pentanone, 3,
4-dimethyl-heptane, 1-3-dimethyl-benzene, 1-ethyl-3-vinyl-adamant
ane and 2-(2-propenyl)-furan were already reported as VOCs emitted by
fungi (Lemfack et al., 2018). However, it should be clarified that other
compounds with similar structures to those ones have been frequently
reported in the literature as emitted by fungi.

The potential use of the VOC emission profiles for the differentiation
between fungal cultures was confirmed by the supervised pattern
recognition learning algorithms. Poor prediction accuracy is expected
for simple machine learning algorithms such as LDA, due to the rela-
tively large number of samples and compounds. In this way, SVM should
be considered as the most adequate algorithm to obtain reliable results.
The samples were divided into two groups as a function of the growing
atmosphere for the development of the SVM models. The results are
clear in the case of the samples grew under ambient conditions. The
percentage of samples, not included in the model, correctly classified
was over 80%. However, the percentage of samples properly classified
decreased to 67% in the case of the fungal cultures grown under
microaerophilic conditions. This could be explained by the limited
number of compounds emitted by the fungi under these conditions.
Anyway, these results confirm the differences on the VOCs emitted by
the fungal cultures and their potential identification capability.

3.2. Evaluation of volatile organic compounds profiles from indoor air
samples

Volatile organic compounds from 52 indoor air samples, collected by
SPME Arrow from control (44 samples) and previously indoor air
problems reported houses (8 samples), were analyzed by TD-GC-MS.
The results were evaluated in terms of number of compounds and con-
centrations. Potential differences between control and problematic
samples were visualized by PCA and SVM, allowing the potential
elucidation of marker compounds for indoor air problems.

Two hundred and forty-five compounds were identified after anal-
ysis of indoor air samples collected from houses with previous reported
indoor air problems and reference ones. From these compounds, none of
them was identified in all the samples under study. In addition, the
number of compounds identified in a half of the samples was smaller
than 10%. Finally, the percentage of compounds identified in a single
sample was close to 16%. These results indicated the complexity of the
indoor air samples, involving the contribution of multiple emission
sources such as building materials, biogenic and anthropogenic activ-
ities. Moreover, the potential effect of the outdoor air should not be
discarded in houses and premises with non-existent or inefficient air
filtration systems (Geiss et al., 2011).

As can be seen in Fig. 2, the number of VOCs identified in the indoor
air collected from houses with previously reported indoor air problems
was clearly higher than that in reference houses. In addition, only 20%
of VOCs identified were the same in the samples collected from reference
and problematic houses. More differences were found when concen-
tration values were compared after classification of the identified
compounds into groups according to the different functional groups
present in the molecules. Highest concentrations were obtained for
oxygenated compounds and hydrocarbons in problematic houses. For
example, the concentration of hydrocarbons were 8 times higher in
problematic houses than in the reference ones. Lipids and benzenoids
were more common in reference houses.

Principal component analysis was used for the visualization of the
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Fig. 2. Evaluation of volatile organic compounds profiles from indoor air samples as a function of A) the number of compounds and B) the sum of the average
concentration values (n = 3). The number of compounds belonging to each functional group is expressed in brackets. Label lipids includes compounds with a lipid
like substructure. Houses with previously reported indoor air problems (' ) and reference houses (). Standard deviation values are included as error bars (n = 3).

differences between VOC emission profiles achieved from indoor air
samples collected from control and problematic houses (Fig. S4). As
expected from the results described in the previous paragraph, PCA
score plot demonstrates clear differences between control and prob-
lematic houses indicating that a combination of at least 9 compounds
might be useful to distinguish control and problematic houses (Fig. S4).
These included compounds with a lipid like structure (hexanoic acid,
limonene and B-phellandrene), benzenoids (benzaldehyde and toluene),
hydrocarbons (ethylene and 3-methyl-nonane) and oxygenated com-
pounds (ethyl acetate and 1,1-dimethoxy-propane). All these com-
pounds with the exception of 3-methyl-nonane and 1,1-dimethoxy-
propane were already reported as VOCs emitted by fungi (Lemfack
et al., 2018). In addition, some of these compounds can be considered as
potential biomarkers to show differences between control and prob-
lematic houses. These statistical differences between the samples were
confirmed by the use of SVM. In this case, the prediction accuracy for
samples not included in the model development was over 91%. The large
number of samples correctly classified confirms the clear dissimilarity
observed for the VOC profiles of the indoor air samples collected from

control and problematic houses.

3.3. Evaluation of emission of volatile organic compounds from insulation

materials

Cellulose and glass-wool based insulation materials were collected
from house with indoor air problem. The samples were collected and
analyzed as described in the experimental section. The VOCs emitted by
the different materials were evaluated in terms of number of identified

compounds and concentration values.

3.3.1. Comparison of emissions from glass wool and cellulose insulation
materials

As can be seen in Fig. 3 A, clear differences between VOC emission
profiles were found in terms of number of compounds and concentra-
tions. The number of VOCs emitted by glass-wool based insulation ma-
terials was clearly smaller than those from the cellulose-based ones.
From all the compounds, 42% was emitted by both materials. Also, the
concentration values were largest for all the groups of compounds from
the cellulose-based insulation materials with the exception of the het-
erocyclic compounds.

Principal component analysis allowed the visualization of the dif-
ferences between VOC that were emitted by glass-wool and cellulose
based insulation materials (Fig. S5) and the score plots proved clear
differences between both insulation materials. In addition, the analysis
of the loading plots indicated differences on the VOC emission profiles,
explained by the concentration values for ethyl acetate and hexanal
(oxygenated compounds), toluene and benzaldehyde (benzenoids)
(Fig. S5). Although the number of samples were limited, LDA could be
used for the confirmation of these differences. The prediction accuracy
for the differentiation between glass-wool and cellulose based insulation
material samples not included in the model development was close to
87%. It should be emphasized that all the cellulose-based samples were
classified correctly.

3.3.2. Comparison of indoor air and material emissions from houses
contaminated with fungi

It is widely known that the fungi can use insulation materials as
potential nutrient sources and growing media in houses affected by
water damage (Jiang et al., 2022). Accordingly, the analysis of the in-
door air samples and the insulation materials collected from a house
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Fig. 3. Evaluation of volatile organic compounds emissions from insulation materials. Comparison of A) glass-wool and cellulose based insulation materials and B)
indoor air and material emissions from houses contaminated with fungi. Label lipids includes compounds with a lipid like substructure. In brackets the number of
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with indoor air problems was carried out to allow the potential identi-
fication of fungal activity markers among the VOCs. Because it was not
possible to study the direct correlation between these compounds and
the compounds directly emitted by the fungi, additional analysis of
previously sterilized insulation materials was required to identify those
VOCs that emitted by non-contaminated insulation materials from the
emission profiles. Unfortunately, it was not possible to compare the
concentration values of VOCs of indoor air and insulation materials due
to the different conditions used in the analysis.

Higher number of VOCs in the indoor air samples compared to the
VOCs from the insulation alone, demonstrated the complexity of the
indoor air. Theoretically, all compounds in the insulation material might
be also present in the indoor air samples. Compounds with a lipid like
structure, oxygenated compounds and benzenoids were found in both
indoor air and insulation materials (Fig. 3 B).

3.4. Development of screening tools for the discrimination of fungal
contaminated samples

As discussed in the previous sections, the VOCs emitted by fungi and
those found in the indoor air samples can be exploited for the identifi-
cation of fungal strains and for the differentiation between houses of
indoor air problems and control houses. In addition, when the VOC re-
sults obtained for indoor air samples and for the insulation materials
(contaminated with fungi) were compared, the same compounds could
be found in both samples. This allows the utilization of machine learning
algorithms for the discrimination between control and fungal contami-
nated samples. However, different factors should then be considered
before the selection and development of an appropriate machine
learning algorithm. In general terms, simultaneous collection of gas
phase, aerosol particles and/or dust are required for the development of
the statistical models based on the VOC emission profiles, easily eluci-
dated from gas phase samples. Yet, the identification of the fungal
strains present in the houses requires the analysis of the aerosol or dust
samples by classical identification techniques such as visual examina-
tion of agar cultures and strains or by more advanced ones based on DNA
analysis. In this study, the statistical models were developed using the
VOCs emitted by fungal cultures as variables. The VOCs identified from
the indoor air samples were used for the discrimination between control
and contaminated houses. The datasets from different sources might
have a clear effect on the prediction capacity of the developed models. In
addition, the limited number of fungal strains, used for model devel-
opment, should also be considered as a limiting factor.

Finally, it should be noted that houses and premises might be
contaminated by fungal strains not considered in this study or even by a
mixture of multiple fungal species. In addition, the presence of houses
with indoor air problems not related with fungal activity should not be
discarded. In this way, the use of conventional machine learning ap-
proaches for classification of the samples into a single class might be
problematic to provide reliable results. However, most of these problems
can be partially overcome by the particular prediction capabilities of
SIMCA that allows the classification of samples into no-belonging to the
model, belonging to a single class or to overlapping classes.

In this work, the SIMCA model was developed using 140 VOC pro-
files obtained from 10 different fungal strains grew under 2 different
atmospheres (ambient and microaerophilic) and malt agar as substrate.
Effect of borax as additive was tested only with one strain. The great
diversity of growing conditions, selected for the samples in the model
development, allowed the simulation of fungal growing conditions in
real samples. 52 indoor air samples were collected from control (44
samples) and houses with previously reported indoor air problems (8
samples). From problematic samples, 5 were collected from houses with
fungal problems (2 houses) and the other 3 from a house with indoor air
problems, not related to fungal activity. All the samples were collected
and analyzed as described in the experimental section.

The validation of the SIMCA models involved two different
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approaches. First the prediction capacity of the developed model was
evaluated by the prediction of samples not used in the model develop-
ment. Samples were randomly divided into training and validation sets
containing 75% and 25% of the samples, respectively. Secondly, SIMCA
model prediction capacity for fungal strains not included in the model
development was evaluated using an approach developed in our previ-
ous research (Kopperi et al., 2013). Briefly, the VOC profiles from the
fungal cultures were carefully divided into 10 training and validation
sets. All the samples from the same fungal strain were included into a
single validation set and the rest of the samples in the training set were
used for the development of 10 new SIMCA models.

The validation of the SIMCA model using the first approach gave a
prediction accuracy over 84% considering all the correct responses into
a single class or multiple classes. However, this value dropped to 62%
correct classification if single group was considered. On the other side,
the results achieved for the validation of the SIMCA models using the
second approach proved that none of them could be classified into a
single class. In all the cases, the samples were classified into multiple
classes (Aspergillus versicolor GAS/226, Chaetomium cochliodes OT7,
Aspergillus westerdijkiae PP2, HJS11 and Aspergillus versicolor 9775/K1)
in a typical SIMCA overlapping classes response. This response for
samples not used in model development might indicate potential
contamination of the samples by fungi. The average prediction capacity
of the SIMCA for the classification of groups of samples not used in the
model development was over 93%, indicating the potential applicability
of this SIMCA model as screening tool for the discrimination of fungal
contaminated samples.

The SIMCA model applied to the analysis of natural indoor air
samples (Table 1) proved that none of the control samples was classified
as contaminated ones. In addition, 80% of the samples from houses
contaminated with fungi were classified properly. As expected, all the
samples were classified as contaminated with Aspergillus versicolor GAS/
226, Chaetomium cochliodes OT7, Aspergillus westerdijkiae PP2, HJS11
and Aspergillus versicolor 9775/K1. However, it should be noted that

Table 1
Application of the SIMCA model to the analysis of natural indoor air samples,
model validation and prediction results.

N Contaminated  Single Multiple No
Class class Contaminated

Aspergillus niger 19 17 10 7 2
Hambi 495

Aspergillus 13 13 10 3 3
versicolor
GAS/226

Chaetomium 9 8 7 1 1
cochliodes OT7

Aspergillus 19 16 8 8 3
calidoustus
MH34

Chaetomium 20 19 11 8 1
globosum
ABCD

Aspergillus 10 10 8 2 0
westerdijkiae
ppP2

Paecilomyces 12 11 11 0 1
variotii Mo69

HJS11 17 15 0 15 2

HKIP12 9 9 9 0 0

Aspergillus 12 12 12 0 0
versicolor
9775/K1

Reference 44 0 0 0 44
houses

Problematic 8 4 0 4 4
houses

Houses 5 4 0 4 1
contaminated
with fungi
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samples obtained from a house with indoor air problems, not related to
fungal contamination, were classified as non-contaminated. In addition,
one false negative result was achieved for the sample collected far away
from the rooms with fungal problems where the ventilation system was
working properly.

Overall, the SIMCA model seems to be a promising screening tool to
recognize differences between control and fungi contaminated houses.
However, as described earlier, the proper identification of the fungal
strains was not possible.

4. Conclusions

The applicability of the SPME Arrow for the collection of VOCs
emitted by fungi and insulation materials, and by indoor air was
demonstrated in this research. In addition, a wide range of machine
learning techniques were exploited for the visualization and statistical
differentiation between the samples.

The VOC emission profiles allowed the differentiation of the fungal
strains. However, it should be emphasized that fungal emission profiles
were clearly influenced by a wide range of external variables including
the incubation atmosphere, the incubation time after inoculation and
additives used in the growing media.

The comparison of the emissions caused by indoor air and insulation
materials collected from houses contaminated with fungi, displayed the
presence of a relatively large number of VOCs in both samples. These
compounds were considered as fungal markers in indoor air samples.
Unfortunately, it was not possible to make the discrimination between
the compounds emitted by the insulation material and those by the fungi
present in the samples.

Clear differences were observed between indoor air samples
collected from reference houses and from those with indoor air prob-
lems. These differences enabled the development of SIMCA based
screening tool using VOC fungal emission profiles for the discrimination
between control houses and fungi contaminated houses. It is noteworthy
that it is not unfortunately possible to use totally different samples for
model development and analysis for the identification of the individual
fungal strains. However, the results achieved for the discrimination
between the control and contaminated houses with fungi form an
excellent platform for the future development of a indoor air screening
tool.
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