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Abstract

There is an urgent need for a small, inexpensive sensor that can rapidly detect bio-warfare agents with high specificity. Bacillus anthracis, the
causative agent of anthrax, would be a perilous disease-causing organism in the event of a release. Currently, most anthrax detection research is
based on nucleic acid detection, immunoassays and mass spectrometry, with few detection levels reported below 105 spores. Here, we show the
ability to distinguish Bacillus spores to a level approaching 103 spores, below the reported median infectious dose of B. anthracis, using
pyrolysis—micromachined differential mobility spectrometry and novel pattern recognition algorithms that combine lead cluster mapping with
genetic algorithms.
# 2006 Elsevier B.V. All rights reserved.

Keywords: Differential mobility spectrometry; Bacillus spore detection; Genetic algorithms; Adaptive pattern recognition

1. Introduction

With increasing concern about the potential for a biological
agent attack, the need for a portable, inexpensive, and durable
sensor that can rapidly detect and identify biological weapons
agents continues to grow. B. anthracis, the causative agent of
anthrax, has been identified as one of the most dangerous
disease-causing organisms capable of devastation in the event
of a release (Inglesby et al., 1999). Anthrax spores can be
inhaled and transported to lymph nodes, germinating up to 60
days later (Friedlander et al., 1993). The germinating bacteria
produce a toxin that causes necrosis, edema, and hemorrhaging
(Smith and Keppie, 1954; Friedlander, 1997). In the event of a
release, the rapid detection of anthrax is critical for effectively
treating patients that have been exposed (Brookmeyer et al.,
2003). Quickly identifying the presence of environmental
spores is difficult as the DNA is well-protected inside the spore
and the spore structure is chemically different from that of

vegetative cells. Furthermore, B. anthracis is genetically
similar to other Bacillus species, such as B. cereus and B.
thuringiensis (Read et al., 2003; Radnedge et al., 2003;
Helgason et al., 2000), complicating the differentiation of the
potential biological weapon from non-pathogenic spores.

Since the October 2001 anthrax attacks in the United States,
there has been significant research focused on finding a rapid,
sensitive, and specific anthrax detection system. To date, most
work has focused on nucleic acid detection (Patra et al., 1996;
Lee et al., 1999; Makino et al., 2001; Higgins et al., 1999;
Cooney, 2001; Uhl et al., 2002; McBride et al., 2003), which
offers extremely high sensitivity. However, the spores must be
at least partially germinated prior to the assay, several reagents
are required, and assay times are generally greater than a half-
hour. Another detection method that has been widely explored
is immunodetection (Phillips et al., 1983; Phillips and Martin,
1988; De et al., 2002; Longchamp and Leighton, 1999; Zhou
et al., 2002; Quinlan and Foegeding, 1997). Again, these assays
can be very sensitive but require a number of qualified reagents
and typically take more than 30 min to complete. An additional
concern with immuno-based assays is the cross-reactivity of the
antibodies and the potential for non-specific binding. Mass
spectrometry has also been used to detect spores (Beverly et al.,
1996; Fox et al., 1993; Goodacre et al., 2000; Smith and
MacDonald, 2004; Fergenson et al., 2004), but the sensitivity is

www.elsevier.com/locate/geneanabioeng
Biomolecular Engineering 23 (2006) 119–127

* Corresponding author at: The University of California, Department of

Mechanical and Aeronautical Engineering, One Shields Avenue, 2097 Bainer

Hall, Davis, CA 95616, USA. Tel.: +1 530 754 9004; fax: +1 530 752 4158.

E-mail address: cedavis@ucdavis.edu (C.E. Davis).
1 These authors contributed equally to this work and should both be con-

sidered first authors.

1389-0344/$ – see front matter # 2006 Elsevier B.V. All rights reserved.
doi:10.1016/j.bioeng.2005.12.003

mailto:cedavis@ucdavis.edu
http://dx.doi.org/10.1016/j.bioeng.2005.12.003


not reported to be as high as with nucleic acid or antibody
detection. In addition, mass spectrometers are not readily
portable, are very expensive and most do not operate at
atmospheric conditions, limiting their potential for field-use.

The ID 50 (median infectious dose) for B. anthracis is
reported to be 8000–10,000 spores (Cieslak and Eitzen, 1999),
and the LD 50 (median lethal dose) is 61,800 spores in Rhesus
macaques (Vasconcelos et al., 2003). To date, few rapid
detection methods can detect spore levels below 100,000.
Arakawa et al. (2003) report detection of 1000 spores using
microcalorimetric spectroscopy, but this technique fails in the
presence of water and thus requires sample lyophilization prior
to analysis, which slows the analysis and is not readily
deployable in the field.

Here, we demonstrate the ability to distinguish Bacillus
spores in water to a level below the reported ID 50 using
pyrolysis—differential mobility spectrometry (DMS) in
combinationwith a novel pattern recognition and classification
algorithm. The DMS is a microfabricated ion mobility
spectrometer that is capable of operating at ambient
temperature and at atmospheric pressure (Miller et al.,
2000, 2001; Eiceman et al., 2002). We have previously shown
its use for vegetative bacteria identification (Shnayderman
et al., 2005), chemical weapons agent detection (Krebs et al.,
2005), and preliminary spore detection experiments (Krebs
et al., 2005; Davis et al., 2003). The pattern recognition
algorithm was originally described in a paper describing the
application of pattern recognition to serum profiles generated
by mass spectrometry for the detection of ovarian cancer
markers (Petricoin et al., 2002). The algorithm combines
elements from genetic algorithms first described by Holland
(1992) and cluster analysismethods fromKohonen (1982). It is
designed to detect subtle changes in the relative abundance of
multiple spectral components and is most effective in
situations where data streams derived from two or more
different states lack dominant classifiers. The sensitivity of this
portable device combined with the algorithm offers promise
for real-time detection, identification, and distinction between
spores of closely related bacteria in a potentially field-
deployable system.

2. Materials and methods

2.1. Spore preparation

B. subtilis strain SMY, a wild-type, prototrophic, Marburg strain, was grown

overnight at 30 8C on a plate of tryptose blood agar base (Difco Laboratories;

Franklin Lakes, NJ) and then inoculated into 2 l of DS medium (Fouet and

Sonenshein, 1990) in a 6 l Erlenmeyer flask. The flask was incubated with
shaking (200 rpm) at 37 8C for 48 h. The cells were harvested by centrifugation

at 13,000 ! g for 20 min at 4 8C, washed four times with 100 ml sterile,

deionized water, and resuspended in 20 ml sterile water. The suspension was

estimated to contain 95% mature, refractile spores by phase contrast micro-
scopy. The spore titer was determined by assaying colony formation on DS agar

plates after heating to 80 8C for 10 min. Spores were diluted in sterile water

when lower concentrations were required for testing. B. cereus strain CIP5832
and B. thuringiensis strain 407 Cry+ (both obtained from D. Lereclus, Institut

Pasteur, Paris, France) were grown on DS agar plates for 48 h at 37 8C. The
cultures were harvested by flooding the plates with sterile, deionized water and

scraping up the bacterial colonies. After transfer to a centrifuge tube and
centrifugation at 13,000 ! g for 10 min at 4 8C, the spores were washed,

resuspended, and titered as above.

2.2. Pyrolysis-FAIMS analysis of Bacillus spores

The experimental setup consisted of a CDS Pyroprobe 1000 (CDS Analy-
tical Inc., Oxford, PA) connected to a 0.53 mm i.d. ! 0.5 m length deactivated

fused silica column (Agilent Technologies, Palo Alto, CA) held at 200 8C. A
prototype SDP-1 micromachined differential mobility spectrometer

(microDMxTM, Sionex Corporation, Waltham, MA) with an ionization source
of radioactive nickel (63Ni) was connected to the outlet of the column. Grade 5

nitrogen was used as the carrier gas to sweep the pyrolyzed sample from the

pyrolysis chamber into the deactivated fused silica column and carry it into the

DMS. The flow was regulated by mass flow controllers (MKS Instruments,
Andover, MA), and was set to 30 ml/min for the sample to be carried through

the pyrolyzer and column, where it joined a second flow of nitrogen at 300 ml/

min for introduction into the DMS. The interface temperature of the pyrolyzer
was set at 110 8C.

A slurry of 4 ml ofBacillus spores suspended in sterilewater was loaded into
a quartz tube. The tube was placed in the pyrolysis probe platinum coil, and the

probe was then loaded into the pyrolysis unit. The spores were pyrolyzed by
increasing the temperature to 650 8C at a rate of 0.01 8C/ms, and holding this

temperature for 99.99 s. The DMSwas programmed to sweep the compensation

voltage through a voltage range from "40 to 10 V every 1.6125 s at 250 steps

per scan. A single scan equals 1.6125 s. The RF field was set at 1200 V. The
spectra of the pyrolyzed spores corresponding to the detected positive and

negative ions were recorded on a laptop computer connected to the DMS unit.

The spectra consist of two independent variables (the compensation voltage and
the scan number in time) and one dependent variable (the detected ion

abundance at each point).

2.3. Data processing

For each of the three species, B. subtilis, B. cereus, and B. thuringiensis, 100

experiments were conducted at three concentrations to yield a total of 900

experiments. The concentrations used were 2.0 ! 107 spores/ml

(80,000 spores/experiment), 2.5 ! 106 spores/ml (10,000 spores/experiment),
and 1.25 ! 106 spores/ml (5000 spores/experiment). The positive and negative

spectra from each run were concatenated and then aligned across all runs so that

the pyrolysis event started at exactly the same scan in each file. As the

compensation voltage at which an ion elutes can be affected by the moisture
content of the sample and the gas flow rate as it passes through the DMS (Miller

et al., 2001; Krylova et al., 2003) the data were further aligned in the Vc-

dimension by a rigid shift of a few pixels when necessary. The amount of shift

was determined by comparison of the total abundances at each Vc value (across
all scans) of a data file with these total abundances from a single reference file.

The cross-correlation of the data and reference files was calculated to determine

optimal alignment, based on the location at which this value was at a maximum.
The positive and negative data are then rigidly shifted in the Vc direction based

on this result. The data were then analyzed using three techniques: principal

component analysis (PCA), decision tree analysis, and the ProteomeQuest1

genetic algorithm—lead cluster analysis. First, PCA was performed using the
princomp function in MATLAB Statistics Toolbox (The Mathworks Inc.,

Natick, MA) software version 7.0.4.365 Release 14 Service Pack 2. As the

data files are quite large when including both positive and negative spectra, we

first had to compress the information in order to run the princomp program
successfully. We did this by summing the data in time to obtain a 1 ! Vc-length

(1 ! 250) vector using only the positive spectra. Next, we performed decision

tree analysis on the same compressed data using the treefit function, also in the
MATLAB Statistics Toolbox. The entire uncompressed data were finally

analyzed by ProteomeQuest1 (Correlogic Systems Inc.) (Hitt, 2005).

ProteomeQuest1 combines elements from genetic algorithms first

described by Holland (1992) and cluster analysis methods from Kohonen
(1982). These genetic algorithms function in a manner similar to natural

selection. The input data for analysis are ASCII files of spectra consisting

of a first column of index values, referred to as ‘‘features’’ and a second column

of the associated amplitudes. The output of the algorithm is an N-dimensional
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centroid map that represents the most fit subset of amplitudes at N defined
features that best segregates the preliminary data. Each centroid in the map is

assigned a specific state, for instance B. thuringiensis, B. subtilis or B. cereus,

and is surrounded by a decision boundary. This bounded centroid is called a

node. A model is the combination of a specific set of N features and their nodes.
Data analysis by ProteomeQuest1 is divided into two phases: phase I in

which the computer is aware of the identity of the spectra, and phase II where no

information about the identity of the spectra is provided.

In phase I the available, known spectra, representing the two or more states
to be classified, are divided into two sets of data – the training and testing sets –

and compared. The algorithm uses an iterative search to identify a small subset

of key features in the training set that completely segregate the spectra of each
state. To do this, the software starts by creating hundreds of small sets of

individual features, selected at random from the training set spectra. Each

candidate set contains N features, where N typically varies from 3 to 20. The

fitness test consists of plotting the pattern formed by the combined amplitudes
of the N candidate features in N-dimensional space. The pattern formed by the

relative amplitude of the spectrum data for this set of chosen values is then rated

for its ability to distinguish the two preliminary populations in the testing set.

The features within the highest rated sets are reshuffled by the genetic
algorithm, to form new subset candidates and the resultant amplitudes are

rated iteratively until the set that fully discriminates the preliminary set

emerges. At the end of this process a number of different models are generated,

each with a unique set of N features, nodes and decision boundaries. The
training accuracy is the accuracy of a given model at the end of this process on

the training set samples used in model building.

In phase II, specieswhose identity is not known to the computer are classified.
To do this, the amplitudes of the relevantN features are extracted from the spectral

file of interest and mapped in N-dimensions. If this point falls within a decision

boundary, the species is classified according to the previously determined identity

of that node. The validation accuracy of a given model is its performance on this
second set of samples, which were not used in model development.

3. Results

3.1. Principal components analysis

One hundred pyrolysis-DMSexperimentswere conducted for
each B. subtilis, B. cereus, and B. thuringiensis spore species at
three concentrations of 80,000 (80k), 10,000 (10k), and 5000
(5k) spores, after method development to determine the optimal
conditions for biomarker release (Krebs et al., 2005). Principal
component analysis was performed with the 80k data from all
three species, using a single vector from the positive spectra that
was created by summing all abundancesmeasured across time in
each sample. These vectors served as the input for the principal
component analysis, and the result is shown in Fig. 1.

3.2. Decision tree analysis

The same data used for PCAwas next used for decision tree
analysis. A tree of 20 nodes was built using all 100 files from
each of the three species at the 80k concentration. This tree is
very large and has most likely overfit the data. To fit this more
appropriately we sought to prune the tree size using cross-
validation and then determined the optimal tree size by
comparing the error rates. This was done by withholding 10%
of the files (10 of each species), building a decision tree with the
other 90%, and subsequently calculating the accuracy of the
remaining 10%. Cross-validation was calculated at all levels of
pruning, and an optimal tree size determined. This was repeated
iteratively holding out a different 10% of the files each time.

The pruning level that seemed to perform the best on average
was selected for our original tree. In this case, we found that
pruning the tree from 20 nodes to 5 nodes seemed to be optimal.
This 5 node tree is shown in Fig. 2. This indicates that there are
four points that aid in the separation of the three species when
looking at the summed data, occurring at Vc values of "19.12,
"39.80, "16.71, and "16.10. B. subtilis and B. thuringiensis
were separated out completely at the first split, and B. cereus
proved harder to separate from the two. The estimated
probabilities of each class at each node are shown in the
figure, and the overall accuracy of the tree for all three species is
86.9%.

3.3. Modeling the data using cluster mapping and genetic
algorithms

For the next analysis technique, the data from each species
was randomly divided into three categories: a training set (50
spectra of each species), a testing set (150 spectra of each
species), and a validation set (100 spectra of each species). The
training and testing sets consisted of files whose species
identities were known by the computer and were used in the
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Fig. 1. Results of principal component analysis for 80,000 spores per sample,
100 samples for each species.

Fig. 2. Decision tree analysis using data from 80,000 spores per sample, 100

samples for each species.



model building phase (phase I) of ProteomeQuest1. The
software was set up to generate 40 models containing from 5
to 12 features with decision boundaries varying from large
(setting 0.5) to very tight (setting 0.9) around the centroid. The
validation set of data, which was withheld from the iterative
model building process,was then analyzed by eachmodel to give
an independent measure of the accuracy of species prediction
across all three concentrations. The specificity, sensitivity, and
accuracy described belowwere calculated from the results of the
independent validation set using the following equations:

# Sensitivity = (True positives)/(True positives) + (False nega-
tives)

# Specificity = (True negatives)/(True negatives) + (False posi-
tives)

# Accuracy = (True positives + True negatives)/(Total number
of samples)

The first set of models generated were binary models
comparing one bacterial species against another. For these
models, data from all three spore concentrations were used
together. The validation results for the six binary models with
the highest accuracies are shown in Table 1. B. subtilis was
readily distinguished from B. cereus and also from B.
thuringiensis even at a level as low as 5000 spores, with
accuracies higher than 90%. B. cereus and B. thuringiensis
proved slightly more difficult to distinguish, with accuracies
just under 70%. However, this is not surprising, as these two
species are genetically very similar. The specificities and

sensitivities for each model are also reported in this table. For
example, for the model with the highest accuracy (92.0%) in the
comparison of B. cereus and B. subtilis, the sensitivity and
specificity for the files of each species used in validation were
87.9% and 96%, respectively, as calculated with respect to B.
cereus. This means that for the 101 B. cereus files in the blind
testing, 89 were classified as B. cereus and the remaining 12
were classified as B. subtilis, whereas of the 99 B. subtilis files,
95 were classified correctly while 4 were classified as B. cereus.

The biomarker features found across 40 independent models
are displayed in Fig. 3. Panel (a) shows the biomarker features
found in 40 models that allowed discrimination of B. subtilis
and B. thuringiensis. Note that there is one biomarker feature
that was selected in many of the models, which suggests that it
has a classification value that is important for the discrimination
of these two species. Panel (b) shows a similar plot for B.
subtilis and B. cereus, and again we see that the same biomarker
feature appears in many of these models as well. When
comparing the models of B. cereus and B. thuringiensis
(Fig. 3c), no biomarkers appear as frequently across all models,
which is consistent with these two species being difficult to
separate. To further examine the one biomarker feature that
appears to be important in distinguishing B. subtilis from the
other two species, we graphed the abundance value at that
marker location in the raw data for B. subtilis and B.
thuringiensis (Fig. 4). Even at the level of 5000 spores as
shown, there is a clear trend of separation in the raw data. When
the data are normalized to give the same total ion count for each
spectrum, an identical plot is obtained.

3.4. Modeling of B. cereus and B. thuringiensis

To verify that B. cereus and B. thuringiensis tend to be harder
to separate from each other than from B. subtilis due to their
relatedness, we created 40 binary models to distinguish B.
subtilis from a pool of B. cereus and B. thuringiensis files.
Again the 5k, 10k and 80k files for each species were combined
and randomized prior to modeling. For model building we used
200 files for each species split into training and testing data sets
of 50:100 and 150:300 (B. subtilis: B. cereus and B.
thuringiensis), respectively. For the independent validation
set we kept back an additional 100 spectra for each species. The
results for the six models yielding the highest accuracies are
shown in Table 2. The classification obtained with these models
shows that B. cereus and B. thuringiensis have biomarker
features common to each other but that differ from B. subtilis.

As B. cereus and B. thuringiensis are the most difficult to
classify, we modeled these two species at each concentration
individually to determine if there is a concentration limit below
which the species become indistinguishable. To generate these
models, spectra were randomized and assigned into sets of 75
spectra for each species for model building (25 B. cereus: 25 B.
thuringiensis training; 50 B. cereus: 50 B. thuringiensis
testing), and 25 of each spectra for the independent validation
set. The models offering the highest classification had 60.8%
accuracy at 5k concentration, 64% accuracy at 10k concentra-
tion, and 88% accuracy at 80k concentration. Therefore,
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Table 1

Comparisons of validation results based on two-way modeling across all
concentrations (80k spores, 10k, and 5k)

Model B DB N Sn Sp A

B. subtilis and B. thuringiensis

1 8 0.9 21 99.0 98.0 98.5
2 12 0.9 24 93.0 99.0 96.0

3 9 0.9 24 93.0 96.0 94.5

4 10 0.9 16 91.0 96.0 93.5
5 9 0.8 4 89.0 96.0 92.5

6 6 0.9 16 88.0 96.0 92.0

B. cereus and B. subtilis
1 9 0.9 33 87.9 96.0 92.0

2 2 0.9 36 91.9 91.1 91.5

3 11 0.9 35 90.9 91.1 91.0

4 10 0.9 29 90.9 90.1 90.5
5 7 0.9 13 94.9 86.1 90.5

6 8 0.8 7 96.0 82.2 89.0

B. cereus and B. thuringiensis
1 6 0.8 5 76.0 62.4 69.17

2 8 0.7 3 72.0 66.3 69.14

3 12 0.7 2 81.0 55.4 68.14

4 10 0.8 10 64.0 71.3 67.67
5 9 0.7 2 70.0 63.4 66.68

6 7 0.7 3 61.0 69.3 65.17

One hundred one B. cereus, 99 B. subtilis, and 100 B. thuringiensis files were

used. Data shown for each binary comparison include number of biomarker
features (B), decision boundary (DB), number of nodes (N), sensitivity (Sn),

specificity (Sp), and percent accuracy (A). Sensitivity and specificity are

calculated with respect to the first species named in each comparison.



classification accuracies are higher for these two closely related
species when more spores are present.

3.5. Three-way modeling

Next, a set of three-way comparisons were performed to
classify all three groups from one another in a single model. For
these models only the 80k data were used, since we determined
that below that concentration B. cereus and B. thuringiensis are
more difficult to distinguish. For each species the spectra were
randomly assigned to a training set of 25, a testing set of 50, and
an independent validation set of 25 spectra. The results are shown
in Table 3. In Table 3a of 25B. thuringiensis in the validation set,
2 were classified as B. cereus, 0 were classified as B. subtilis and
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Fig. 3. Distribution of features across 40 models. (a) B. subtilis vs. B. thuringiensis, (b) B. subtilis vs. B. cereus, and (c) B. cereus vs. B. thuringiensis.

Table 2

Comparison of validation results from modeling across the three spore con-

centrations B. subtilis vs. B. cereus and B. thuringiensis together

Model B DB N Sn Sp A

B. subtilis and (B. cereus and B. thuringiensis)

1 10 0.9 39 95 86.9 92.3

2 11 0.9 32 95 85.9 92
3 12 0.9 35 93.5 83.8 90.3

4 8 0.9 23 92.5 84.8 90

5 7 0.9 27 93 81.8 89.3

6 11 0.8 8 90.5 84.8 88.7

One hundred files of B. subtilis were modeled against 200 files of the other

species (100 files each of B. cereus and B. thuringiensis). Abbreviations as in

Table 1. Sensitivity and specificity are calculated with respect to B. subtilis.



23 were correctly classified, an overall accuracy of 92%.
Similarly the accuracy for B. subtilis was 88% and for B. cereus
52%. An overall accuracy of 77.3% was obtained. The overall
accuracy of the second model is 73.3%, and the species
accuracies are: B. subtilis 68%, B. thuringiensis 92%, and B.
cereus 60%.

Representative spectra from the three species at 5000 spore
concentration are shown in Fig. 5. The raw data for the
biomarker features resulting from the three-way model (a) are
indicated with circles. The data from these experiments look

very similar by eye, but when the data are normalized and
expressed as a ratio relative to each other, by ProteomeQuest1

they are significantly different enough to create a pattern that
can reliably distinguish the species from one another.

4. Discussion

There is an increased interest in the development of portable,
sensitive, real-time devices for the detection of potential
biological weapons agents. One particularly attractive devel-
opment is the micromachined DMS, a small device that detects
ions which are separated by their mobility through an electric
field. In previous work we showed that distinct differential
mobility spectra can be derived for three chemicals present in
high concentrations in spores: dipicolinic acid, picolinic acid,
and pyridine (Davis et al., 2003), and we showed that the signal
from spores differed from that of the solvent background
(Krebs et al., 2005). We now demonstrate the ability to
fractionate complex biological samples in a reproducible
pattern that contains sufficient information to discriminate
between closely related species of Bacillus spores. In particular,
we have shown the ability to detect and distinguish B. subtilis, a
spore-forming bacterium commonly found in environmental
samples, from B. cereus and B. thuringiensis, which are closely
related to B. anthracis, the causative agent of anthrax.

We have shown this using three analysis techniques. We
decreased the data resolution in the PCA and decision tree
analysis to make the data easier to handle computationally in a
readily available commercial software package. At this
resolution, PCA showed the ability to separate B. thuringiensis
and B. subtilis, but B. cereus proved much more difficult to
separate from these two. The decision tree analysis showed
similar results in that B. subtilis and B. thuringiensis were
completely separated at the first split, while B. cereus was
present on both sides of the tree. The decision tree indicated
four points in the summed data that were helpful in the
separation of the species, and showed an overall accuracy of
86.9% in separating the three species from each other.

The final method of analysis was using a pattern recognition
classification tool that couples cluster mapping with genetic
algorithms. For this analysis we had the advantage of using the
entire data, including both positive and negative spectra at full
resolution. The results show an ability to distinguish B. subtilis
fromB. thuringiensis at an accuracy of 98.5%,B. subtilis fromB.
cereus at an accuracy of 92%, and B. thuringiensis and B. cereus
at an accuracy of 69%.We can also distinguishB. subtilis fromB.
cereus and B. thuringiensis when the latter two are grouped
together, indicating that there are biomarker features present in
bothB. cereus andB. thuringiensis that are the same, but different
from the more distantly related B. subtilis. As B. subtilis and B.
thuringiensis can be more commonly found in the environment,
the ability to distinguish these species from B. anthracis is very
important when designing a detection system to minimize the
number of false positives. For this reason, we continue to work
towards finding methods to improve the distinction of the
species. The biomarker pattern recognition models were created
across three concentrations so thatmarker features present across
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Fig. 4. Plot of the dominant classifier feature 18097. The intensity of this

biomarker feature was extracted from each of the 100 raw data files for the 5k

concentration of B. subtilis (+) and B. thuringiensis (*). The data for each
species shows a different distribution at this point. The classification algorithm

finds data points such as this to aid in decision-making. While one feature alone

cannot completely discriminate the two species, the unique combination of

features within a model does.

Table 3

Results of modeling B. cereus vs. B. subtilis vs. B. thuringiensis in a single
three-way model

Predicted Actual

B. cereus B. subtilis B. thuringiensis Total classified

Model (a)

B. cereus 13 3 2 18
B. subtilis 5 22 0 27

B. thuringiensis 7 0 23 30

Total actual files 25 25 25 75
Accuracy (%) 52.0 88.0 92.0 77.3

Model (b)

B. cereus 15 8 2 25
B. subtilis 5 17 0 22

B. thuringiensis 5 0 23 28

Total actual files 25 25 25 75
Accuracy (%) 60.0 68.0 92.0 73.3

Twenty five files of each species at the 80k concentration were used for

validation. Reading down the columns, one can determine how those 25 files

were classified. Two models are shown. Model (a) using a decision boundary
setting of 0.9, contains 9 features and 22 clusters, with an overall accuracy of

77.3%. Model (b) using a decision boundary setting of 0.8, contains 12 features

and 4 clusters, with an overall accuracy of 73.3%.
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Fig. 5. Representative differential mobility spectra of 80,000 spores undergoing pyrolysis at 650 8C for 99.99 s. Positive ion spectrum left, negative ion spectrum
right. X-axis represents Vc (V), Y-axis represents scan number. The nine features from three-way model (a) are circled in black. (a) B. subtilis, (b) B. cereus, and (c) B.

thuringiensis.



this entire range could be found. This approach aims to find
biomarker features that will not dilute out at the lower
concentrations and will not saturate the detector at higher
concentrations.

To classify these samples we analyzed the spectra generated
by pyrolysis of spores detected with differential mobility
spectrometry using ProteomeQuest1, an algorithm that com-
bines the generation of sets of biomarker features with a genetic
algorithm to search for combinations of markers in the spectra
which, taken together, can discriminate between the different
species with high accuracy. Each resulting set of biomarker
features represents a classification model. The six models with
the highest accuracies for the binary comparisons are presented
inTables 1 and2. Eachmodel consists of centroids surroundedby
a decision boundary (nodes) into which the data will fall and
which are unique to one species or another. Classification of
unknown samples is made by examining the spectrum for the
unknown at the specific biomarker feature locations, using these
to determine intowhich node itwill fall, and thus determining the
identity of the species. Different models differ in the number of
biomarker features in the spectra, the number of centroids, and
the size of the decision boundary around the centroid. While
manymodels of similar accuracy can be generated from the data,
depending on the particular combinations of number of features
and size of the decision boundary parameter (Tables 1 and 2)
selected during model building, models with a tight decision
boundary (setting = 0.9) and fewer centroids will be built from
biomarker features with the least variance within a species and
may represent more robust models. However, the number of
nodes can also reflect the number of discrete differences within
the spectra of a species and we have seen models with a high
number of nodes that prove to be robust across many samples
(data not shown). The decision as to which model is best to use
becomes clearer as the models are challenged with more and
more independent sets of spectra.Within the spectral datasets any
features which are strong classifiers will be selected more
frequently. With the Bacillus species examined there was one
dominant classifier, feature 18,097, corresponding to a com-
pensation voltage at"20.92 Vand scan 3 (4.8375 s after start of
pyrolysis) within the negative ion region, that was selected by
most of the 40 models created (Fig. 3), and there were also a
number of less dominant ones. The dominant feature appears
many times in models distinguishing B. subtilis from one of the
other two species. Examining this feature across many files of B.
subtilis and B. thuringiensis shows that indeed there is a trend of
separation when plotting the raw abundance value at this point.

In addition to the binary comparisons, we have also shown
the ability to create a single model that can discriminate
between three species (Table 3 and Fig. 5). In this case, three-
way modeling is generally less accurate than the binary
modeling due to the high similarity of B. cereus and B.
thuringiensis which makes these spores very difficult to
discriminate, especially when present in low quantities.

For classification problems in which there are clear
dominant markers or a combination of very clear cut expression
levels typical of a state, most traditional methods of
classification, such as k-nearest neighbors, principal component

analysis and decision tree analysis are very powerful. The
strength of an algorithm such as ProteomeQuest1 is when the
state differences arise from multiple subtle changes in the
relative amplitudes of features. Through the internal normal-
ization schema used within ProteomeQuest1, subtle relative
amplitude differences are amplified.When these differences are
then searched by a powerful iterative procedure that combines
lead cluster mapping with a genetic algorithm, those subtle,
reproducible changes in features that characterize a state, rise
above the differences seen within other features caused by
natural, random variation. The resulting models reflect the
combination of features and the extent of their variation,
defined by the decision boundary that separate the states.

The methodology we have demonstrated here should be
widely applicable to scientists in many fields that are interested
in the sensitive and specific detection of a particular pathogen
or disease. In addition to Bacillus spores, we envision its
application to other spore formers that would be important to
monitor including B. cereus (a causative agent of food
poisoning), Clostridium botulinum (botulism), C. perfingens
(gas gangrene and food poisoning), C. tetani (tetanus), C.
sordellii (diarrheal disease), and C. difficile (antibiotic-
associated diarrhea and pseudomembranous colitis). The
experimental setup offers the potential for even further
miniaturization. We are currently developing a small pyrolysis
oven that is mounted directly in-line with the DMS to make the
entire setup handheld. Compressed air can replace the nitrogen,
which would allow for a more fieldable setup. System control
from an external computer can also be implemented readily,
which would allow many of these units to be monitored from a
single location. Finally, using other species it will be possible to
build a database of species-specific biomarker features. This
database could be remotely updated as emerging threats appear.
From the spectrum derived from a single environmental
sampling a variety of biological agents might be identified
against the database in seconds. It should be noted that so far we
have only tested spores in sterile water, without any interferents
present. Adding interferents that would be present in any
sampling environment will increase the complexity of the
analysis and may affect the sensitivity and specificity rates.

The DMS is a portable and reagent-free device that offers
rapid, real-time spectral analysis of ionized compounds. We
have shown that, in combination with powerful pattern
recognition algorithms, it can be applied to environmental
sampling for biological agents. Using three different species of
Bacillus spores, one a common environmental contaminant and
two others related to B. anthracis, we have demonstrated the
ability to distinguish between these species of Bacillus spores at
levels as low as 5000 spores. This holds promise for the
development of sensitive detectors for biological agents.
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