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Abstract Human axillary sweat is a poorly explored biofluid
within the context of metabolomics when compared to other
fluids such as blood and urine. In this paper, we explore the
volatile organic compounds emitted from two different types
of fabric samples (cotton and polyester) which had been worn
repeatedly during exercise by participants. Headspace solidphase microextraction (SPME) and comprehensive twodimensional gas chromatography time-of-flight mass spectrometry (GC×GC-TOFMS) were employed to profile the
(semi)volatile compounds on the fabric. Principal component
analysis models were applied to the data to aid in visualizing
differences between types of fabrics, wash treatment, and the
gender of the subject who had worn the fabric. Statistical tools
included with commercial chromatography software
(ChromaTOF) and a simple Fisher ratio threshold-based feature selection for model optimization are compared with a
custom-written algorithm that uses cluster resolution as an
objective function to maximize in a hybrid backwardelimination forward-selection approach for optimizing the
chemometric models in an effort to identify some compounds
that correlate to differences between fabric types. The custom
algorithm is shown to generate better models than the simple
Fisher ratio approach.
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Introduction
Different fabrics exhibit distinct odor generation/retention
characteristics. This may in part be due to differential growth
of bacteria on the fabrics and differential retention of odorous
molecules generated via microbiological degradation of human sweat. Sweat [1, 2] is considered as a potential biofluid
that can be used similarly to blood or urine samples for human
metabolomics research [3]. However, the correlation between
human body odor and chemical profiles on dissimilar types of
fabrics is relatively unknown. The underlying relationship between human odor and fabric type is particularly important in
the textile industry because identification of the compounds
emanated as components of human body odor may allow the
fabric industry to make garments (e.g., t-shirts) that inhibit the
generation of (or selectively retain) the molecules most responsible for unpleasant odor. The fear of body odor emanating from one’s clothes is a major driver for washing clothing
[4]. Therefore, reducing odor build-up within clothing could
lead to Bgreener^ textiles which will require less frequent
washing, leading to extended fabric lifetimes and reduced water consumption. Based on 2004 Canadian statistics, domestic
daily water use per capita is ∼330 L, of which ∼30% is used
for laundry [5].
Previous research into human body odors includes a report
by Kuhn et al. that showed volatile carboxylic acid concentrations vary from day to day as well as person to person and that
there is a genetic component to the observed profiles [6]. Zeng
et al. have addressed in detail the chemical nature of human
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odors on secretions from the axilla (armpit) of both male and
female subjects [7, 8]. Curran et al. have studied emanations
from the hand and the armpit area by solid-phase
microextraction (SPME) and gas chromatography–mass spectrometry (GC-MS). They found organic fatty acids, ketones,
aldehydes, esters, and alcohols in the profiles of sweat and
could distinguish between individuals by using a combination
of relative ratios of 23 of the common compounds they detected [9, 10]. Prada et al. evaluated the human hand odor
volatiles on various textiles (cotton, polyester, rayon, and
wool) using SPME–GC-MS. Different compounds were identified for each different type of fabric and gender. PCA was
used to group fabric types [11]. Gallagher et al. also studied
volatile organic compounds (VOCs) from the back and forearm skin and assessed their relative variation across old and
young healthy subjects. The profiles of VOCs suggested that
the two body locations exhibited some similarities in their
volatile profiles as well as some discriminating differences
[12]. Munk et al. identified odors remaining in laundry soiled
with human axillary sweat and sebum after mild washing procedures [13, 14]. These studies identified general components
of body odors such as acids, alcohols, aldehydes, hydrocarbons, esters, and ketones. Liu et al. analyzed volatile organic
acids from human sweat samples using SPME and a fluorescence imaging sensor [15]. In another study by Dixon et al.,
male and female subjects were distinguished based on the GCMS profiles of their sweat samples, with the use of chemometric tools [16]. McQueen et al. studied the human body
odor emanated from axilla that was retained in wool, polyester, and cotton by proton transfer reaction-mass spectrometry
(PTR-MS) [17]. The authors found that the relationship between textile fiber and fabric’s ability to retain odor can be
related to the microbial strains and the chemistry and morphology of the fiber which sorbs volatile compounds and precursors to odor. Callewaert et al. studied microbial growth and
odor development in cotton and synthetic fibers. They found
that the composition of clothing fibers promotes differential
growth of textile microbes [18].
SPME has been employed to characterize odor from different regions on the human body [9, 12, 15, 19]. This technique
offers exceptional ease of sampling for volatile and semivolatile compounds [19] and couples easily to GC.
Comprehensive two-dimensional gas chromatography
coupled to time-of-flight mass spectrometry (GC×GCTOFMS) is one of the most powerful separation and identification tools for VOCs, and it is ideally suited to non-target
studies where the improved separation power provides for
purer analyte spectra than with one-dimensional GC, and the
structured retention patterns can provide insight into the
chemical nature of unknown compounds [20–23].
The overall aim of this study from a point of view of textile
science is to determine if SPME–GC×GC-TOFMS profiles of
fabric samples can be used to distinguish between two types of
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fabric (cotton and polyester) after wear next to the axilla, regardless of whether the sample was washed or unwashed.
Additionally, we wish to determine if we can distinguish between fabric samples worn by male or female subjects (irrespective of fabric type), and we wish to determine if we can
distinguish between washed/unwashed cotton or washed/
unwashed polyester. Throughout all of these comparisons,
tentative identification of compounds that correlate with different sample groupings (e.g., male vs. female) are sought.
A second goal is to compare the use of a simple Fisher ratio
threshold method which is relatively quick, easy, and popular
with users of ChromaTOF software with an in-house developed feature selection tool based on a hybrid backward-elimination/forward-selection approach using cluster resolution [24,
25] as the objective function to maximize during variable selection. This aspect of the paper is more important for the
broader scientific community given that in the last few years,
more and more users are starting to apply the Fisher ratio method as embedded in ChromaTOF to GC×GC data. Thus, a demonstration of the differences of the two approaches for variable
selection is of current importance. Finally, we also seek to
identify some chemical information about which compounds
or classes of compounds can be used to distinguish between the
classes of samples as possible targets for future study.

Materials and methods
Fabric samples
The fabrics evaluated were cotton and polyester which were
provided by Cotton Incorporated (Cary, NC). The preparation
of the fabrics and the wear trial are described by McQueen et al.
[26, 27]. Briefly, a wear trial was conducted where subjects were
assigned two bi-symmetrical t-shirts which were composed of
either one half cotton and one half polyester or one half cotton
and one half antimicrobial-treated cotton. In the original study,
only cotton and polyester fabrics were compared [26].
Subsequently, it was shown that there was no apparent difference between the cotton and the treated cotton [27], and another
subsequent study (unpublished) into the antimicrobial treatment
showed that the treatment method used was ineffective and thus
there was no actual difference between treated and untreated
cotton. Consequently, for this work, we pool the treated and
untreated cotton results and consider these to all be Bcotton.^
The total number of samples collected was 165, including
144 samples from 18 subjects (9 males and 9 females) (2 tshirts × 2 fabric samples per t-shirt × 2 wash treatments), and
21 replicate analyses for quality control. There were 13 cotton
(7 unwashed, 6 washed) and 8 polyester (5 unwashed and 3
washed) samples subjected to duplicate analysis. Fabric samples were stored at 4 °C in the dark in amber vials until analysis.
Samples of fabric were cut into 2.0(±0.2) × 2.0(±0.2) cm
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squares from the armpit area using scissors and forceps that
were pre-cleaned with 95% ethanol (Sigma Aldrich, Toronto,
ON) and placed in a flame. After cutting, samples were immediately placed in 10-mL crimp-top clear headspace vials and
sealed with 90/10 PDMS/PTFE septa (PTFE face towards the
inside; Chromatographic Specialties Inc., Brockville, ON).
SPME fibers used in the study had a Btri-mode^
divinylbenzene/carboxen/polydimethylsiloxane (DVB/CAR/
PDMS) extraction phase (SUPELCO, Bellefonte, PA) [9].
Before performing extractions, SPME fibers were thermally
cleaned for 2 min at 250 °C under a flow of 1.5 mL/min of
5.0 grade helium (Praxair, Edmonton, AB). Extractions were
conducted for 21 h at 30 ± 1 °C [9] with sample vials immersed
in a temperature-controlled, stirred oil bath. Analytes were
desorbed from the fiber in the GC injector for 3.5 min.
GC×GC-TOFMS method
VOC profiles were collected on a Leco Pegasus 4D
GC×GC-TOFMS (Leco Instruments, St. Joseph, MI).
The columns used for the first and second dimensions
were a 30 m × 0.25 μm, 1 μm film thickness Rtx-5MS
(Chromatographic Specialties) and a 2 m × 0.18 mm,
0.18 μm film thickness DB-Wax (Chromatographic
Specialties), respectively. Helium (5.0 grade; Praxair,
Edmonton, AB) was used as the carrier gas with flow
controlled at 1.5 mL/min. The analytes were desorbed in
the split/splitless injection port of the GC×GC-TOFMS
using an inlet temperature set at 250 °C, operating in
splitless mode. The 67.25 min GC method began with
an initial oven temperature of 35 °C for 3.5 min, followed
by a ramp of 4 °C/min up to 250 °C, and ending with a
10 min hold in the first oven. Relative to the primary
oven, the secondary oven was programmed to have a constant offset of +10 °C and the modulator a constant offset
of +20 °C. The modulation period was 5.0 s. The TOFMS
had an acquisition rate of 100 Hz and acquired over a
mass range of m/z 50–400. The detector voltage was
−1350 V, the ion source temperature was 200 °C, and
the MS transfer line temperature was 240 °C.
Data processing and analysis
GC×GC-TOFMS data were processed using ChromaTOF®
(v.4.43; Leco). For processing, the baseline offset was set
above the middle of the noise (0.7), the minimum S/N for
the base peak and the sub-peaks were set at 10, and the data
were auto-smoothed by the software. The first-dimension
peak width was set at 15 s while the second-dimension peak
width was set at 0.7 s.
The statistical compare features of ChromaTOF® were
used to align and calculate Fisher ratios (FR) for each
analyte found commonly across the samples. The
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previously processed samples were added to a sample
table and assigned the corresponding classes (cotton vs.
polyester or female vs. male). The peak tables were
aligned based on the parameters of retention time (first
and second dimension) and mass spectra. The 1D shift
tolerance was set to ±1 modulation period (5 s) and for
2
D the tolerance was set to 0 s. For mass spectral
matching, the minimum similarity was set at 700 and
the mass threshold at 10%. In the event that a peak located in some samples was not found in another sample
by initial peak finding, the region was manually interrogated with a S/N threshold of 20. Statistical Compare was
constrained to accept only analytes found in at least five
samples or analytes that were present in at least 50% of
the chromatograms from a given class. After analyte
alignment, a FR was calculated for each analyte found
in the samples. The data (aligned peak table, including
peak areas and FRs) were then exported as a .csv file
for multivariate analysis using custom routines written
in MATLAB® R2010a, Windows 64-bit version (The
Mathworks Inc., Natick, MA, USA), with multivariate
statistical analysis performed using PLS Toolbox 5.8
(R5.8.3; Eigenvector Research Inc., Wenatchee, WA,
USA). Linear temperature-programmed retention indices
(LTPRI) in 1D for each compound were calculated using
Van den Dool and Kratz definition [28]. An in-house
algorithm was used to perform variable selection and
model optimization on the peak table. This algorithm is
based on a hybrid backward-elimination/forward-selection (BE/FS) approach that relies on cluster resolution
(CR) as a model quality metric/objective function to maximize. Initial variable ranking was performed using selectivity ratio (SR) and FR as the variable ranking metric.
Details of the algorithm are provided elsewhere [24, 25].
Briefly, the algorithm requires that the data be split
into training, optimization, and validation sets for model
construction. The training and optimization sets are used
to perform the feature selection, and subsequently the
validation set is used to test the resulting model. Due to
the highly variable nature of the data and to avoid having
the feature selection process unduly influenced by spurious patterns in the data, 100 permutations of the feature
selection process were performed. For each permutation,
one third of the samples were randomly assigned to each
of the training and optimization sets (total of two thirds
of the samples); one third of the samples were retained in
the validation set and not used for feature selection. The
final selection of variables to include in the model was
based on a survival ratio threshold. The survival ratio for
each variable was calculated by dividing the number of
times the variable was selected by the number of permutations (100). Thresholds of the survival ratio ranging
from 0 to 1 were investigated.
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Fig. 1 PCA of two components for female and male. a Raw data: 2746 variables. b FR ≥10: 185 variables. c FR ≥15: 77 variables. d Custom algorithm:
53 variables.
female;
male

Results and discussion
GC×GC-TOFMS is the most powerful tool for the separation and identification of complex mixtures of VOCs in
discovery-type studies such as this, thus it was chosen as
the platform to perform this analysis. In this study, more
than 2000 peaks were detected in a typical chromatogram.
Typical GC×GC chromatograms of a fiber blank, polyester sample, and cotton sample are included in the
Electronic Supplementary Material (ESM, Fig. S1).
From the mass spectral information available for each
peak, tentative identifications of the compounds were
made based on library matches (e.g., NISTMS or Wiley
libraries) and comparisons with 1D retention index. In this
case, a minimum match factor of 70% and a retention
index within ±40 of the library were required before a
name was tentatively assigned to a compound. It is worth
noting in this study that even compounds which could not
have a tentative structure assigned were still retained as
unique, identifiable unknowns (i.e., the same unknown
compound appearing across a suite of samples) for data

analysis. Even if the structure is not known, these compounds could be informative for classification purposes;
any informative unknowns then become the primary targets for future study and identification.

Fig. 2 Venn diagram for features selected by the three feature selection
methods for distinguishing female from male
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Fig. 3 PCA of two components for cotton and polyester. a Raw data: 2781 variables. b FR ≥10: 78 variables. c FR ≥15: 15 variables. d Custom
algorithm: 65 variables.
Cotton,
polyester

Chemometric investigations of data
PCA was applied to distinguish between the two types of
fabrics (cotton vs. polyester) and gender (female vs. male
participants in the wear trial). PCA analyses were performed on three types of data: (1) all compounds in the
peak tables satisfying the 50% selection rule (peak must
be present in at least 50% of the samples from at least one
class in order to be included), (2) compounds with a Fisher
ratio (FR) calculated using the Statistical Compare function of ChromaTOF® that exceeded a set threshold, and (3)
compounds chosen using the in-house feature selection algorithm. Wash treatment models were optimized using the
in-house feature selection algorithm. Five samples were
removed because the data files were corrupted and could
not be processed using Statistical Compare.

using the entire peak table, 160 × 2746), there was no observable separation between the two classes in PCA space (Fig. 1a).
The use of FR thresholds improved the separation, with two
clusters distinguishable using two principal components. For
FR ≥10 (Fig. 1b), the explained variance was 30% and the
number of variables used was 185. For FR ≥15, 77 variables

Female versus male
When attempting to classify samples as to whether they were
from male or female subjects without any feature selection (i.e.,

Fig. 4 Venn diagram for features selected by the three feature selection
methods for distinguishing cotton from polyester
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Fig. 5 PCA of two components for cotton unwashed and cotton washed. a Raw data: 2746 variables. b Custom algorithm: 103 variables.
cotton washed
unwashed,

were used to explain 33% of the variance; this model did not
significantly improve the separation between the classes from
FR ≥10 (Fig. 1c). On the other hand, using the in-house developed variable selection tool with CR as the objective function
to maximize yielded a superior separation than using FRs
alone. Biplots (ESM Fig. S2) confirmed that the in-house feature selection algorithm selected variables that were correlated
with the clusters of sample scores for the two classes. The
optimized model used 53 variables with two components
explaining 27% of the variance (Fig. 1d). Table S2 in the
ESM presents the features selected in each case, including tentative identifications of compounds based on library match
(minimum factor of 70%) and a 1D linear temperatureprogrammed retention index (LTPRI) match within ±40 units.
The number of the features that were selected by each of the

Cotton

three methods and the common features among pairs and all
three methods were compared and summarized in a Venn diagram (Fig. 2). A total of 218 peaks were selected by at least one
of the methods. A total of 185 peaks had FR ≥10, and 77 of
these had a FR ≥15. Of note, 12 of the FR ≥15 peaks were also
selected by the BE/FS algorithm and an additional 8 peaks with
15 ≥ FR ≥ 10 were selected by the BE/FS algorithm. Thirtythree peaks were uniquely selected by the BE/FS algorithm.
Considering the PCA scores plots, it is evident that in Fig. 1d
there is better separation between the two classes.
The issue with using FR thresholds alone is that FR considers only the variation in one particular analyte on its own
throughout the data set. The importance of a variable in the
context of other variables is not captured when using the
threshold approach. Conversely, with the BE/FS algorithm,

Fig. 6 PCA of two components for polyester unwashed and polyester washed. a Raw data: 2746 variables. b Custom algorithm: 27 variables.
Polyester unwashed,
polyester washed

Comprehensive two-dimensional gas chromatographic profiling

variables are evaluated in the context of the other variables
currently in the model. Thus, variables with high FR may be
excluded if these variables do not improve the separation between classes (in other words, these variables contribute significant noise to the model without contributing significant
information that is not already captured by other variables).
Likewise, those variables which have a relatively low FR (below the cutoff threshold) but still contribute meaningful information to the model when taken in context of the other variables in the data set are captured. Some of the compounds that
were selected by FR and BE/FS algorithm for grouping the
samples in female and male were aldehydes, alcohols, and
ketones. These compounds were selected regardless the type
of fabric. The biplot for the data (ESM Fig. S2c) shows that
alcohols and aldehydes correlate with male samples while
aromatics correlate with female samples.

Fig. 7 PCA of two components. a Raw data of cotton unwashed versus
polyester unwashed: 2746 variables. b Custom algorithm of cotton
unwashed versus polyester unwashed: 360 variables. c Raw data of
cotton washed versus polyester washed: 2746 variables. d Custom
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Cotton versus polyester
Again, PCA of the entire peak table did not show any
separation between the two classes (Fig. 3a). Selecting
features based on FR thresholds resulted in much simpler
data matrices with either 78 or 15 variables included for
FR ≥10 and ≥15, respectively. Other thresholds were tested, but the results could not be improved beyond Fig. 3b
and c (data not shown). Although FR of ≥10 and ≥15
improved separations of classes in PCA space over the
model using the entirety of the data, there was still substantial overlap between the classes. Conversely, when the
in-house variable selection algorithm was applied, a panel
of 65 variables was chosen for inclusion and the clusters
were able to be separated (Fig. 3d). This PCA explained
the 23.6% of the variance with the first two components.

algorithm of cotton washed versus polyester washed: 20 variables.
Cotton unwashed,
polyester washed

cotton washed,

polyester unwashed,
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Biplots for these models are provided in ESM in Fig. S3.
Table S1 in the ESM presents the features selected in all
cases, showing tentative identifications of compounds
based on library match (minimum factor of 70%) and a
1
D LTPRI match within ±40 units. Once more, the number of the features that were selected by each method and
those features found in common between pairs of methods
and all three were investigated. A Venn diagram summarizes these results (Fig. 4). A total of 125 peaks were
selected by at least one of the methods. Seventy-eight
peaks had FR ≥10, and 43 of these had a FR ≥15. Of
note, ten of the FR ≥15 peaks were also selected by the
BE/FS algorithm and an additional eight peaks with (15 ≥
FR ≥ 10) were selected by the BE/FS algorithm. Fortyseven peaks were uniquely selected by the BE/FS algorithm. The compounds that were selected, regardless of
the gender, were carboxylic acids, aldehydes, ketones,
and alcohols. This selection agreed with the results from
Prada et al. [11]. The biplot (ESM Fig. S3c) shows that
carboxylic acids and esters are positively correlated with
cotton fabrics while aldehydes and alcohols are correlated
with polyester.
Fabric washing treatments
To investigate if laundering the fabric would introduce a
discernable difference between the unwashed and washed
fabric samples, the in-house feature selection algorithm
was used on both the cotton and polyester samples.
There were 122 cotton samples; 61 samples were unwashed and 61 samples were washed. The PCA of cotton
unwashed versus cotton washed prior to variable selection
(122 samples × 2781 variables) did not show a separation
between the groups; it explained 14.3% of the variance
with the first two components (Fig. 5a). After the feature
selection, 103 variables were selected which resulted in
visible separation of the groups (Fig. 5b) even though the
PCA explained only the 14.9% of the variance with the
first two components.
Out of 38 polyester samples, 19 samples were unwashed and 19 samples were washed. Unlike cotton, the
PCA of the raw data (38 × 2781), explaining 19.9% of the
variance with the first two components, showed a separation between the two groups (Fig. 6a); however, the PCA
(Fig. 6b) using 27 variables (after the in-house feature
selection) could improve the grouping between the two
groups and increase the explained variance for the first
two PCs to 44.18%. The variable selection also significantly decreased the observed within-class variance for
the washed polyester group.
The two fabrics were studied together based on the
washing treatment. There were 61 samples of unwashed
cotton and 19 samples of unwashed polyester, which
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provided an unwashed dataset of 80 × 2781. The PCA
score plots of the raw data, Fig. 7a, did not show a separation between unwashed cotton and unwashed polyester.
The feature selection selected 360 variables which were
used to construct a new PCA, which presented a separation, explaining the 14.87% of the variance with two components (Fig. 7b). For washed cotton versus washed polyester, 61 samples were cotton and 19 were polyester. The
raw data PCA score plots did not separate the fabrics
(Fig. 7c). However, the PCA after the variable selection
showed two groups using 20 variables. The PCA explained 29.32% of the variance with two components
(Fig. 7d). Biplots for these investigations are included in
Figs. S4–S6 in the ESM. The compounds selected could
not be assigned a tentative identification using the library
matches and the retention index.

Conclusions
Application of chemometrics was useful to distinguish between the two different types of fabric, wash treatment between types of fabrics and within fabrics, and to identify the
gender of the wearer of the garment. While this result is potentially useful for research in the textile industry, the more
broadly applicable and scientifically important result is the
fact that the automated cluster resolution-guided feature selection algorithm was reliably able to select a better subset of the
variables for distinguishing the classes in PCA space than
when either raw data or a simple FR threshold was used,
suggesting that this general data mining approach may be
superior for finding those compounds that are truly the most
important in a data set.
Carboxylic acids, aldehydes, ketones, and alcohols were
selected by the FR and by the BE/FS algorithm for
distinguishing between cotton and polyester. For discriminating between samples worn by male or female subjects, models
relied on aldehydes, alcohols, and some aromatics.
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