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Abstract A substantial portion of the atmospheric particle
budget is of biological origin (human and animal dander,
plant and insect debris, etc.). These bioaerosols can be
considered information-rich packets of biochemical data
specific to the organism of origin. In this study, bioaerosol
samples from various indoor environments were analyzed to
create identifiable patterns attributable to a source level of
occupation. Air samples were collected from environments
representative of human high-traffic- and low-traffic indoor
spaces along with direct human skin sampling. In all set-
tings, total suspended particulate matter was collected and
the total aerosol protein concentration ranged from 0.03 to
1.2 μg/m3. High performance liquid chromatography was
chosen as a standard analysis technique for the examination
of aqueous aerosol extracts to distinguish signatures of
occupation compared to environmental background. The
results of this study suggest that bioaerosol “fingerprinting”
is possible with the two test environments being distinguish-
able at a 97 % confidence interval.
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Introduction

Bioaerosols are ubiquitous bits of biological material found
suspended in the air [1, 2]. These materials are bacteria,
viruses, and pollen as well as by-products of skin and hair of
humans and animals along with insect and plant debris. The
particles range in size from 0.3 to 100 μm [3] and contain a
variety of different information-bearing biomolecules. For
example, bioaerosols from vertebrates are largely composed
of structural proteins like keratins [4–7]. These proteins are
more stable and robust than other commonly targeted bio-
molecules (DNA for example), given their function as the
barrier layer in the skin. Other potential molecules of inter-
est found in shed skin and hair include truncated pieces of
DNA, lipids, nucleic acids, amino acids, and glycosylated
species [3]. Consequently, bioaerosols could be seen as
biochemical “calling cards” of the organism of origin that
could be utilized for identification. The shedding and aero-
solization of material represents a fundamental biological
process that analytical methods could exploit to expose the
organism of origin and its potential whereabouts. The ex-
ploitation of bioaerosol material could expand current fo-
rensic detection tools allowing organisms to be tracked or
found that currently would be undetectable or forensically
“naked” [8].

Bioaerosols are omnipresent in both outdoor and indoor
environments. In the atmosphere, proteins have recently
been found to compose a much larger portion of the atmo-
spheric particle budget than the trace amount previously
assumed, with potentially up to 25 % of atmospheric par-
ticles having a biological origin [1, 9, 10]. Human bioaer-
osols rich in keratin have been reported in large quantities in
indoor environments, such as classrooms, and have been
linked to “sick building syndrome” [11, 12]. Aerosolized
keratins are so prolific that they are also the most common
contaminant in protein gels [13]. This is reasonable because
the daily losses of the outer layer of human skin, called the
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stratum corneum, are reported to range from 0.5 to 1.5 g per
day in normal skin and up to 17 g per day in particular skin
diseases [4, 14]. Over the course of a lifetime, this material
can accumulate upwards of ∼40 kg of skin debris for normal
individuals.

By analyzing bioaerosol material, natural variations of
protein expression in the skin and hair of different organ-
isms can be exploited for identification. These protein pat-
terns can be determined using a combination of different
proteomic and separation techniques in conjunction with
mathematical pattern recognition methods. Variations in
protein expression of different types of skin and hair-
related proteins have been studied [7, 15]. Limited research
has also explored using these natural variations for pattern
generation, including the use of bulk amino acid patterns
from feathers to identify different bird species [16].

The focus of the current study is to demonstrate a com-
prehensive analytical approach using complex bioaerosol
composition for source identification, in contrast to single
component analysis of bioaerosols (Fig. 1). This was
achieved by collecting bulk complex environmental bioaer-
osol mixtures with human traffic as a variable building on
current research that shows the importance of traffic levels
on bioaerosol concentration [17]. These samples were then
coarsely separated into reproducible patterns via high per-
formance liquid chromatography (HPLC) and the resulting
data were used to uniquely correlate to the conditions during
sampling. Comparison of bioaerosols from indoor environ-
ments of varying human occupation levels (and to directly
sampled freshly shed human epidermis) resulted in statisti-
cally significant and reproducible correlations.

Experimental

Total suspended particulate matter (TSP) samples were col-
lected onto 47 mm Teflon filters with a 0.2-μm pore size
(Pall Gellman, Port Washington, NY) fitted on an open face

47-mm filter holder (Advantec, Dublin, CA) using a linear
piston pump (Medo® model VP0125, Hanover Park, IL).
Samples were collected in indoor human high- and low-
traffic environments as well as directly induced human
epidermis bioaerosol samples. Sampling times varied from
minutes (induced source samples) to 3 days (indoor sam-
ples). Filter assemblies faced upwards for both sample and
blank collection [18]. Environmental blanks were taken
from each environment tested.

The indoor air samples were collected in an occupied
office/laboratory high-traffic area (at least three or more
people on average over a 10-h work day with near constant
habitation) and inside an unoccupied office/laboratory low-
traffic area (one person or less for less than an hour of
habitation on average over a 24-h period). Each sample type
represents at least three separate sampling days. Source
bioaerosol samples were collected by induced shedding.
Specifically, the induced human sample was taken directly
from individuals who had clean and dry skin. The human
epidermis was collected using the side of a sterile glass to
scrape loose skin into a Petri dish that was then placed near
the sampling apparatus for sampling. The exact amount of
skin collected was not quantified. After collection, the filter
samples were stored frozen in the dark at ∼20 °C until
analysis. Prior to analysis, the filters were divided into four
equal sections using a surgical blade, one filter section was
used for bulk protein quantification, while the remaining
three sections were used for HPLC characterization.

Bulk protein quantification was performed using the
standard protocol [19] given in the NanoOrange Total Pro-
tein Quantitation Kit (Invitrogen®, Carlsbad, CA) and ana-
lyzed using a fluorometer (Shimadzu RF 551, Columbia,
MD) at the excitation/emission wavelengths of 470/570 nm,
respectively. The filter sections were extracted using ultra-
pure water (>18 MΩ, Millipore) under ultrasonication (Ul-
trasonic Power Corporation model 2000U 120- V, Freeport,
IL) for 15 min. The resulting extracts were filtered through a
0.2-μm syringe filter, Puradisc 25 mm (Whatman, Kent,

Fig. 1 Generalized schematic of human debris-based occupation de-
tection. The various human occupation-related aerosolized material are
collected via the filtration assembly along with other non-related aero-
solized material. The collected material was then analyzed for total

protein concentration as well as coarsely separated to generated unique
pattern profiles. These profiles are information-rich enough to identify
human occupation in an indoor space
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U.K.). Reported (Table 1) protein concentrations have been
corrected for environmental contamination through the sub-
traction of the environmental blank. The value of the envi-
ronmental blanks was always less than 10 % of the sample
concentration and generally much lower.

The particulate matter on the remaining three quarters of
the filter sample was extracted with 3 mL of HPLC-grade
methanol (Fisher Scientific, Pittsburgh, PA). This solutionwas
then ultrasonicated for 15 min to lyse any cells. After sonica-
tion, the solution was filtered through a 0.2-μm syringe filter.
The aerosol extract was then analyzed using a reverse phase
Agilent 1100 HPLC system consisting of a 1100 binary pump,
a 20-μL sample loop, and a 1100 variable wavelength detector
(Agilent, Santa Clara, CA). The samples were separated with
an Agilent Zorbax SB-C3 Analytical HPLC column 4.6×
150 mm with a Zorbax guard column (Agilent, Santa Clara,
CA), using an isocratic mobile phase consisting of 90/10
methanol/water at a flow rate of 1 mL/min. Detection was
performed through absorbance at 254 nm. Average run times
were on the order of 2.6–3 min.

Along with visual inspection, recognition and distinction of
data from HPLC chromatograms were approached with strat-
egies established in the pattern recognition community [10,
20–23]. The statistical differences between the two different
sample environments were evaluated using Euclidean dis-
tance, which here amounted to the rootmean square difference
between pairs of HPLC chromatogram data points. These
statistical distances were then used to construct and train
automated classifiers, as well as establishing their character-
istics. The data were regarded as high-dimensional: each
chromatogram is a list of thousands of numbers, each repre-
senting absorbance at a particular time as sampled at 200 Hz
with each chromatogram representing a vector in thousands of
dimensions. Automated classification was facilitated by di-
mension reduction methods. One of these methods is visual
representation (e.g., graphing), which requires that the re-
duced dimension be less than or equal to three so that the data
can be projected into three-dimensional or two-dimensional
space. Optimal dimension reduction for data analysis, to any
dimension, is the dimension reduction which best preserve

distances between data points. Two different strategies have
been employed in this regard [24]. The first strategy is princi-
pal component reduction, which projects onto the three or-
thogonal directions which capture the most variability of the
data. The second is support vector machine (SVM), a non-
statistical algorithm for finding the (hyper-) plane of maximal
separation between two classes of multidimensional data. This
is accomplished by finding the hyperplane that gives the
greatest distance to the nearest points (support vectors) of
one class one side and an equal distance to the nearest points
of the other class on the opposite side. In a sense, it provides
the best vantage point to detect the separation between two
classes of data. The classifiers were constructed by first nor-
malizing the data with respect to total absolute signal. A low
concentration cutoff was applied removing samples with a
largest feature size below 1 absorbance unit. A SVM was
constructed from the two classes of data, low and high traffic,
using the standard published methods, and the optimum sep-
arating hyperplane was obtained for these data. The chromato-
grams in each class at approximately equal (±50 %) total
concentration are very close. Accordingly, the separation as
measured by comparing standard deviation to difference of the
means is very robust to the inclusion or exclusion of particular
examples.

Results

Measurable quantities of protein were found in most sam-
ples (Table 1). In those environments where initial measure-
ments showed that protein concentrations were below the
detection limit, extended sampling times were used to boost
to measurable levels. Protein concentrations are expressed
as micrograms of protein per cubic meter relative to the
BSA standard used in the NanoOrange kit. The largest
amount of protein was collected through the induced sam-
pling (0.07–1.1 μg/m3), which could be expected given the
assisted protein release near the filtered collection. The
induced samples were directly collected skin debris result-
ing in more stable protein concentrations. Environmental

Table 1 Protein concentrations of various air samples

Sample type Protein concentration range(μg/m3) Reference

“High-traffic” indoor environment 0.05–1.2 This work

“Low-traffic” indoor environment 0.03–0.05 This work

Fresh human epidermis 0.07–1.1 This work

Indoor average over all particle sizes (<2.5–>10 μm) 0.6 Chen and Hildermann [17]

Average occupied classroom 86.8 (total dust) Fox et al. [11]

Average unoccupied classroom 6.44 (total dust) Fox et al. [11]

Concentration range of total protein found in high-traffic, low-traffic, and induced human epidermis samples. Concentrations are reported in
microgram of protein material per cubic meter of air collected
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samples showed a degree of variability in total protein
concentration from 0.03 to 1.2 μg/m3. This variation is
likely the result of small differences in the exact amount of
occupation, air handler activity, and the amount of shed
material released by different individuals. The amounts of
aerosolized protein recovered in these samples are nominal-
ly in the same range as other indoor protein studies previ-
ously reported [11, 17]. The bulk protein concentration does
appear to display a large range when comparing the various
studies, although the samples are not normalized with regard
to air quantity measured, environmental conditions, and the
level of occupation varies greatly.

A coarse level of separation was achieved using HPLC
generating reproducible patterns from the material collected
on the filters (Fig. 2). This material includes both the soluble
organic and inorganic material collected that absorbs at the
detection wavelength. The individual components of the
sample were not determined for this study nor completely
resolved due to the low concentration of subspecies. It is
noted that higher resolving power strategies (other HPLC,
GC, and MS) were attempted, but detection was hampered
by low species concentration—hence the strategy of over-
lapping peaks to boost signal strength coupled with pattern
recognition [25, 26]. The averaged HPLC trace displays
three separate collections from the high-traffic indoor space
and seven collections of the low-traffic indoor space. The
standard deviation within each sample type between replicates
was on average less than 1 absorbance unit in the raw chro-
matogram although this does scale with the normalization, and
the average standard deviation over the information-rich
regions are much smaller than the separation between the
two data sets. The traces have been offset to aid in visualizing
the details in each sample trace. Even with visual inspection of
the chromatograms, differences are apparent at times ∼1.68
and ∼1.85 min (Fig. 3). To better distinguish these variations

and their magnitude, the chromatograms found in Fig. 2,
without the offset, were subtracted from each other (Fig. 4).
The resulting peaks, both positive and negative, more clearly
illuminate the variations between the twomodel environments
that can be potentially exploited for identification and classi-
fication. However, the pure visualization of the variations does
not indicate the quantifiable statistical significance, if any.
Pattern recognition tools were employed to quantify these
distinctions.

Pattern analysis was performed to quantify the statistical
difference of the two chromatogram types. The data from
the high-traffic and low-traffic environments consisted of
HPLC chromatograms truncated to a maximum common
length of 821 segments, with each segment representing
0.3 s. The chromatograms were truncated to normalize the
total number of time segments at the sampling rate of the
HPLC, 0.3 s, while also preserving the data containing area
of the chromatograms. The data from the segmented traces
were treated as vectors in an 821 dimensional vector space.
These vectors were normalized to minimize the effects of
total concentration and to focus the analysis on the relative

Fig. 2 Comparison of HPLC chromatograms of two environmental
samples. The average chromatograms of three samples of high-traffic
indoor space and seven sample of low-traffic indoor space along with
standard deviation envelopes. The two samples types are offset to aid
in visualizing variations in the HPLC traces that are plotted in arbitrary
absorbance units verses time in minutes

Fig. 3 Comparison of the identifying portions from each sample type
enlarged. Closer view of the regions between 1.65 to 1.9 min of the
low- and high-traffic chromatograms from Fig. 2 illuminating with
greater detail the areas of greatest variation

Fig. 4 Subtraction of the low- and high-traffic chromatograms. The
high-traffic chromatogram was subtracted from the low-traffic chro-
matogram to aid the visualization of the differences existing in the two
sample classes
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concentration of individual components. The low concen-
tration samples were removed due to their variation in peak
width and resolution differences. These disparities greatly
complicate the pattern recognition process leading to the
concentration match cutoff for samples whose maximum
concentration feature was less than 1 absorbance unit. The
use of the concentration cutoff illustrates the lower limit of
normalization as well as the difficulties of using chromato-
graphic methods in pattern recognition regimes where size,
shape, and resolution can all be affected by variables includ-
ing concentration.

The principal components [23] for the ensemble of chro-
matograms from both environments were determined and
ordered by singular difference values from the largest to the
smallest. From this ordered list, the three directions with the
largest magnitudes were selected for statistical comparison.
This treatment, while increasing the ability to visualize the
distinctions between traces, actually decreased the amount
of difference between the traces of samples by only evalu-
ating the three largest statistical distances along the chroma-
tograms. Therefore, distinguishable differences derived
from this analysis are at least as valid as had the analysis
included all of the 821 dimensions. Statistical distances
within a single sample type are a measure of the variance
within the sample type while the distance between the
sample types indicate the degree of variation between sam-
ple types. The use of the three largest distances captured
94 % of the variance in the data, while the addition of the
subsequent components would not significantly increase the
variance. For example, the addition of the fourth largest
component would add only 4 % additional variance and
the fifth largest component would add an additional 1.1 %.

From this analysis, it was determined that the two sample
classes are distinguishable numerically. However, in classi-
fying high-dimensional data, “viewpoint” plays an impor-
tant role in establishing classifiability of distinct classes of
data [20]. One common procedure of automated classifica-
tion, the support vector machine [21, 22], as mentioned
earlier, calculates a “maximum margin separating hyper-
plane.” Applied here, the two classes fall on a hyperplane
within the 821 dimensions such that the minimum perpen-
dicular distance of the data points of both classes to the
hyperplane is maximized. The maximum margin separating
hyperplane was computed for the high-traffic- and the low-
traffic HPLC traces. The one-dimensional displacements
perpendicular to the hyperplane indicates not only the
amount of separation between the two classes and the hy-
perplane but also describe the variance among the class
samples as they vary in distance to the plane. The two data
classes are more than 3 standard deviations from the mean
of the other class along the direction of the normal to the
separating hyperplane, suggesting that the high-traffic and
low-traffic may be very well distinguishable by HPLC.

Given the sample resolution of 3 standard deviations, this
equates to a 97 % confidence interval that these sample
types are distinguishable.

Discussion

Environmental samples are complicated and have wide
ranging concentrations. It was the goal of this work to see,
given all of the complicating factors, if differentiable pat-
terns could arise from these samples using only a basic
separation scheme, e.g., HPLC. It was found that both of
the two indoor sample types and the induced human epider-
mis samples produced measureable quantities of protein
within 3 days or approximately 30 m3 of air, with most
samples needing less than a day or 10 m3 of air sampling.
Even shorter sampling time could be achieved by using
higher volume air pumps or more sensitive detection sys-
tems. Protein, as expected, was found to be ubiquitous in
both environments, including the indoor environment with
minimal human activity and no plants or animals. The exact
composition and source of the proteinaceous material was
not determined in this study as its focus was in the pattern
recognition of the sample as a whole rather than its individ-
ual components. The range of protein concentration appears
to largely depend on activity level within the indoor space,
which stands to reason if human or human-related activity is
the main source of the protein material. Variations in protein
concentration maybe partially attributed to changes in air
handler activity, environmental weathering from bacterial
degradation and photolytic processes, as well as a number
of other processes that have not been cataloged within the
test environment. Other differences in the protein concen-
trations arose from the diffuse environmental sampling used
for the high- and low-traffic samples in comparison to the
consistently large quantities of protein observed in the ac-
tively induced samples. This increasing trend in concentra-
tion is consistent with direct transmission being the most
efficient transfer method of protein containing fragments
from the skin, hair, bacteria, mold, etc. to the sampling
equipment.

Coarse level separation of the aerosols was achieved
using HPLC and created reproducible patterns of the partic-
ular sample types over several duplicate samples from the
same environments. Separation of the extracted TSP sam-
ples included all of the soluble components smaller than
0.2 μm, both organic and inorganic. Although the resulting
pattern generated was reproducible, the individual compo-
nent peaks were not resolved or identified given the use of
UV–Vis detection at a generic protein absorption wave-
length. The overall peak pattern for the two sample types
display visible differences in the chromatograms (Figs. 2, 3,
and 4). Within the difference of the two chromatograms
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(Fig. 4), the variations between the two sample types be-
come more clearly distinguishable. These variations allow
for a gross qualitative identification using only HPLC sep-
aration. Given the coarse nature of the separation including
the short retention times, generic C3 column used, and the
nonspecific UV–Vis detection mode, these results show
early promise, with the possibility that with more advanced
separation and/or detection methods further more detailed
information could be gleaned for identification purposes.

Pattern recognition methodologies were employed to char-
acterize the distinguishability of the high-dimensional data of
the HPLC traces from the different environments. This char-
acterization quantified the statistical distance between the two
environments tested. The first method calculated the root
mean square difference between the various data points along
the chromatograms. This analysis helps to determine areas of
the chromatograms that contain the most diagnostic informa-
tion for classification. These areas in the chromatograms may
be indicative of various organic or inorganic components
associated with human habitation. One likely suspect is hu-
man debris. Human debris known to be a large contributor to
indoor protein contamination and is stable enough to survive
past the time of direct human activity [11]. The stability and
ubiquity of human epidermis makes it a likely protein source
in both high- and low-traffic environments; however, the
material maybe in various states of decomposition.

In order to provide a numerical understanding of the
degree of variation between the two environments, support
vector machine was also performed. Through support vector
machine analysis, the statistical distances of the chromato-
grams were determined to demonstrate the separation of the
high-traffic- and low-traffic data from a constructed plane
[20, 22]. The data’s perpendicular displacement from either
side of this plane offers a measure of separability of the two
data sets. The standard deviations of the displacements of
the low-traffic data point clusters are small enough that they
can be identified as statistically distinct with 97 % confi-
dence. This strongly supports the idea that distinguishing
these environments via bioaerosol samples is feasible. Even
using basic methods of collection (impact filtration) and
coarse separation (HPLC), distinguishing features are ob-
servable at levels comparable to more developed and ac-
cepted technologies, e.g., DNA sampling of aerosolized
bacteria and viruses.

An alternative method of evaluating the value of bioaero-
sols for identification purposes involves the production of
synthetic samples that are well characterized and artificially
simple. Although this approach is valid and has strengths,
directly evaluating the challenges faced by using real environ-
mental samples has insured that the results generated directly
reflect the viability of the method. More testing is warranted,
including synthetic standards; however, by tackling the envi-
ronmental samples first, this method has provided a proof-of-

concept. A large untapped wealth of bioanalytical possibilities
are suggested to be locked in bioaerosols and their potential
applications for identification. Even at the current level of this
technology, it demonstrates the ability to sense the presence of
different level of habitation through air collection. One of the
most powerful attributes of this type of investigation is its
remote and noninvasive nature. Without having to come into
direct contact with the organism of interest, the method
exploits a fundamental biological process of most species,
the release of bioaerosol material, and represents a potentially
powerful forensic tool. Expanding this method by using
higher resolution separations and detection of specific motifs
to determine the species of origin could find several future
applications. Those potential applications could include the
remote detection of criminals and their movements as well as
the impact on the environment of different policies. However,
even in its current state, the use of noninvasive air sampling of
bioaerosols have opened the doors to a new and unique means
to detect the habitation of an environment without direct
contact, which could prove valuable to several fields like
forensic science.

The results of this preliminary study suggest that even
with all the complexity of minimally controlled real envi-
ronmental samples and standard protein analysis strategies
(HPLC with UV detection) together with standard pattern,
recognition algorithms show statistically significant features
that can differentiate and group the types of environmental
bioaerosols collected. When these samples are concentration
matched and normalized, high-traffic indoor samples can be
differentiated from low-traffic indoor samples with a 97 %
confidence interval. The results of this work strongly sug-
gest that with an adequate amount of sample and resolution
in separation, various types and subtypes of samples can
generate distinct patterns supporting the idea of bioaerosol
“fingerprinting.” The ability to determine the level of hab-
itation remotely via air sampling could have several appli-
cations from defense to environmental settings. With further
development, this technique could hold promise of identi-
fying different humans and potentially animals remotely
from environmental air samples.
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