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Introduction
Yersinia pestis, the etiological agent of plague, is endemic to the 

Southwestern United States, as well as other areas worldwide [1,2], 
and is the cause of the Justinian, Black Death and Hong Kong major 
historic pandemics [3]. Y. pestis is of current concern to human health 
because of its past use and future potential as a bioterrorism agent [4]. 
To gain a better understanding of the virulence mechanism of Y. pestis, 
we previously investigated the proteomic changes associated with the 
induction of virulence as a function of calcium and temperature on a 
common, attenuated laboratory strain [5,6].

Here, we characterize and compare the proteome of four Y. pestis 
strains, KIM5D 27, India-195/P, NYC, and PEXU2, with known 
diversity in origin, virulence level and countermeasure resistance. 
KIM5 D27, biovar Mediavalis, has a deletion of the pgm locus, and 
is conditionally avirulent [7]. This strain was included for direct 
comparison to previous proteomic [5,6] and proteogenomic studies 
[8]. India-195/P, NYC and PEXU2 are virulent strains from the 
Orientalis biovar. The India-195/P strain was clinically isolated in 1957 
from a human bubonic plague patient in India [9], but has become 
attenuated due to the loss of the pgm locus during passage. The NYC 
strain was clinically isolated in November 2002 from a patient in New 
York City who had been exposed to plague in New Mexico, an endemic 
area [10,11]. The PEXU2 strain, isolated from a Brazilian rodent in 
1966, was reported to have an elevated copy number of IS 100 elements, 
similar to the India-195/P strain [12]. 

In this study, Y. pestis strains were grown under conditions that 
mimic the induction of virulence and differential protein expression 

between the strains, and the growth conditions was analyzed by 2-D 
DIGE as previously reported [5,6]. The DeCyder software package 
(GE Healthcare, Piscataway, NJ) was used to process 2-D DIGE gel 
images, detect protein spots, match spots between gels and determine 
statistical differences in protein abundance levels [13,14]. The analytical 
complexity of 2-D DIGE necessitates the development of advanced 
analytical tools to interpret proteomic data. For example, it is possible to 
analyze proteomic data using statistical packages [15]. These statistical 
analysis software packages can result in increased confidence for the 
differential expression data, but require extensive statistical expertise 
[16-18]. The Extended Data Analysis (EDA) module of DeCyder serves 
as an alternative analysis tool which can provide multivariate statistics, 
such as principal component analysis (PCA) [19-22], hierarchical 
clustering [23-26], K-means clustering [27], and biomarker selection 
[28-30], and can be evaluated by scientists with less statistical expertise. 
Further, it is possible to generate a set of protein biomarkers or 
classifiers, which can be used to designate unknown samples [31,32], 
based solely on protein expression patterns. Although the sole use of 
pattern expression has proven problematic for bacterial identification 
and is not as rapid as PCR or MALDI-MS for bacterial detection, the 
results obtained from this approach may serve to complement these 
other detection techniques by further characterizing the particular 
bacteria under study. Here, we present results from advanced analytical 
analyses of Y. pestis comparative proteomic data and demonstrate 
correct classification of unknown samples.

Abstract
To address the difficulty in characterizing unusual, engineered or emergent pathogens in clinical and 

environmental samples, novel methods to discover proteins that differentiate pathogenic strains are needed. 
Differentially expressed proteins that reveal the function of an uncharacterized strain of bacteria can be considered 
biomarkers; panels of these can lead to improved pathogen classification and characterization. To this end, the 
protein expression patterns of differentially virulent isolates of the plague pathogen, Yersinia pestis, were studied 
using two-dimensional difference gel electrophoresis (2-D DIGE). The resulting characterization was used to identify 
a protein expression panel for the clustering and classification of Y. pestis strains. Two different methods were used 
to produce different biomarker panels based on either experimental- or pattern-based clustering. Each panel is 
able to successfully classify unknown samples in a blinded fashion, allowing an unbiased discovery of differentially 
expressed proteins, as well as the rapid classification of protein expression patterns.
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Materials and Methods
Bacterial growths

Y. pestis strains were grown similarly to methods previously 
described [5]. Four strains of Y. pestis (KIM5 D27, India-195/P, NYC, 
and PEXU2) were grown in bovine calf serum media supplemented 
with either 0 mM or 4 mM calcium chloride at 37°C. To collect the 
soluble-cell proteome, cells were lysed using the B-PER reagent (Pierce, 
Rockford, IL), according to manufacturer’s suggested protocols. 
Protein samples were cleaned using the PlusOne 2-D Clean-Up kit (GE 
Healthcare, Piscataway, NJ) and resuspended in 100 μL labeling buffer 
containing 7 M urea, 2 M thiourea, 4% CHAPS and 20 mM Tris (pH 
8.5). Protein concentrations were then determined using Advanced 
Protein Assay reagent (ADV01, Cytoskeleton, Denver, CO).

2-D DIGE

The internal pooled standard, consisting of an equal amount 
(7.14 µg) of each of the 7 samples was labeled with 200 pmol 
3-([4-carboxymethyl] phenylmethyl)-3’-ethyloxacarbocyanine halide 
N-hydroxysuccinimidyl ester (Cy2). This pooled standard allows for 
accurate matching and normalized protein abundance measurements 
across gels. 50 µg of each Y. pestis protein sample was labeled with 
either 200 pmol 1-(5-carboxypentyl)-1’-propylindocarbocyanine 
halide N-hydroxysuccinimidyl ester (Cy3) or 1-(5-carboxypentyl)-
1’-methylindodicarbocyanine halide N-hydroxysuccinimidyl ester 
(Cy5) dyes, according to the experimental design (Table 1). The pooled 
standard was labeled with Cy2 and combined with a Cy5 and Cy3 
protein sample, and electrophoresed on each gel, as shown in Table 
1. “Pick” gels were supplemented with 200 µg of unlabeled pooled 
standard, in addition to the labeled protein samples to ensure sufficient 
protein was present for subsequent identification by mass spectrometry. 
Samples for each gel were adjusted to a total volume of 450 µL, with 
rehydration buffer consisting of 7 M urea, 2 M thiourea, 4% CHAPS, 
1% Pharmalyte and 1.2% DeStreak (GE Healthcare, Piscataway, NJ), 
and loaded onto 24 cm, pH 4-7 nonlinear, Immobiline IPG DryStrips 
(GE Healthcare, Piscataway, NJ) for first dimension separation.

IEF separation was carried out using the Ettan IPGphor II (GE 
Healthcare, Piscataway, NJ), using the following running conditions: 
30 V rehydration for 12 h, 500 V for 1 h, 1,000 V for 1 h and 8,000 V for 
62,500 Vh. The IPG strips were then reduced for 15 min in equilibration 
buffer containing 2% SDS, 50 mM Tris-HCl pH 8.8, 6 M urea, 30% 
glycerol, 0.002% bromophenol blue and 10 mg/mL dithiothreitol. After 
reduction, the strips were alkylated for 15 minutes with equilibration 

buffer and 25 mg/mL iodoacetamide. The strips were then loaded onto 
26 cm×20 cm precast 12.5% Tris-glycine polyacrylamide gels (Jule, Inc, 
Milford, CT), and run at 2 W/gel constant power at 22ºC using an Ettan 
DALT 12 (GE Healthcare, Piscataway, NJ), until the bromophenol blue 
dye-front reached the end of the gels (approximately 16 h).

Gels were imaged using a Typhoon 9410 imager (GE Healthcare, 
Piscataway, NJ), with a 100 μm resolution. PMT values were adjusted 
for the optimization of sensitivity and prevention of oversaturation. 
Cy2 dye was excited at 488 nm and emission spectra obtained at 510 
nm; Cy3 dye was excited at 550 nm and emission spectra obtained at 
570 nm; Cy5 dye was excited at 650 nm and emission spectra obtained 
at 670 nm. Unlabeled protein on the pick gel was visualized by post-
staining with SYPRO Ruby (Bio-Rad, Hercules, CA), and imaged on 
the Typhoon 9410. All gel images were cropped to the same size using 
ImageQuant v5.2 (GE Healthcare, Piscataway, NJ), to remove the edges 
of the gels while maximizing the number of spots available for analysis.

Gel images, three from each CyDye labeled gel and one additional 
SYPRO image of the pick gel, were examined using the various 
modules of the DeCyder v6.5 software package. The Differential In-gel 
Analysis (DIA) module was used to determine optimal spot detection 
settings. Images were loaded into the Batch Processor module and spot 
maps were generated from each gel image, with the estimated number 
of spots set to 2,500. The automated determination of the master gel, 
or the gel with the most spots, was bypassed, and the gel displaying 
the best spot characteristics was labeled the master gel. During batch 
processing, the Cy2 channel from each gel was used for normalization 
of spot intensities and for automated matching between gels. After 
batch processing, the resulting data was further processed using 
multiple analysis techniques.

Differentially expressed spot determination

To determine which protein spots were differentially expressed 
between the strains and growth conditions, the 2-D DIGE data was 
examined using the Biological Variation Analysis (BVA) module 
of DeCyder. The quality of gel matching was manually verified and 
landmarks were added when needed to improve match quality. 
Landmarks are manually validated matched spots that are linked 
together to help subsequent matching of other adjacent and closely 
aligned spots. Landmarking joins unmatched spots or fixes incorrectly 
matched spots, and can be made on both manually matched and 
computer-derived matched spots. Spot maps from each sample were 
assembled into individual experimental groups. Spots having a greater 
than 1.5-fold change in expression between experimental groups, with 
a P-value ≤ 0.05 and a one-way ANOVA ≤ 0.05, were distinguished 
as differentially expressed and investigated further. Protein spots 
of interest were manually verified to be of sufficient quality for mass 
spectrometry by examining the three-dimensional profile of the protein 
spot. Artifacts or those spots with volumes close to the background 
were excluded from additional analyses. The verified spots of interest 
were then imported into the Extended Data Analysis (EDA) module of 
DeCyder. A Base Set was created containing spots that were matched 
on greater than 75% of the spot maps, and that included expression 
information for all of the experimental groups (critical for classification 
of unknown samples). Using a 75% or greater value for matching 
provided a balanced approach. A lower percentage would reduce 
data quality as poorly matched, or too few n values would result. If a 
higher percentage of matching were required, less total spots would 
be available for analysis, which may have made a biomarker selection 
panel inaccurate. The Base Set of protein spots and spot maps was used 

Gel No. Cy2 Cy3 Cy5
1 Standard India-195/P (0mM Ca2+) India-195/P (4mM Ca2+)
2 Standard KIM5 D27 (0mM Ca2+) KIM5 D27 (4mM Ca2+)
3 Standard NYC (0mM Ca2+) NYC (4mM Ca2+)
4 Standard India-195/P (0mM Ca2+) KIM5 D27 (0mM Ca2+)
5 Standard India-195/P (4mM Ca2+) KIM5 D27 (4mM Ca2+)
6 Standard KIM5 D27 (0mM Ca2+) NYC (0mM Ca2+)
7 Standard KIM5 D27 (4mM Ca2+) NYC (4mM Ca2+)
8 Standard NYC (0mM Ca2+) PEXU2 (0mM Ca2+)
9 Standard PEXU2 (0mM Ca2+) India-195/P (0mM Ca2+)

10 Standard NYC (4mM Ca2+) PEXU2 (0mM Ca2+)
 11a Standard India-195/P (4mM Ca2+) KIM5 D27 (4mM Ca2+)
 12b Standard NYC (0mM Ca2+) KIM5 D27 (0mM Ca2+)

aMaster gel
bAdditional unlabeled protein added for protein identification

Table 1: 2-D DIGE experimental design. 
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for further EDA analysis. The entire Base Set was then analyzed using 
PCA and hierarchical clustering to identify protein expression trends.

Two methods of grouping protein spots were employed to find 
putative biomarkers that distinguish all the experimental groups, and 
for the categorization of unknown samples. First, the experimental 
conditions of the samples (i.e. strain and calcium concentration) were 
used to find the differential spots with similar expression, referred 
to here as the “experimentally-based method,” putative biomarkers 
specific to the experimental samples were selected. Groups of spots 
were created for each strain comparison (example, India vs. NYC), and 
for each growth condition for each strain (e.g., NYC 0 mM calcium 
vs. NYC 4 mM calcium). Biomarker selection was performed on each 
group of differentially expressed protein spots and the minimum 
number of spots required for the greatest discrimination accuracy 
was selected for each ‘experimental’ comparison. Second, K-means 
clustering was used to group spots showing similar patterns of protein 
expression, a technique referred to here as the “pattern-based method.” 
The spots from each of these patterns were then subjected to biomarker 
selection, where the minimum number of spots required for the 
greatest discrimination accuracy, reported as the percent accuracy of 
class determination [33], were selected. Spots selected as biomarkers 
from both methods were cross-validated by hierarchical clustering to 
determine whether selected spots displayed similar trends to the overall 
dataset, and could be used to accurately classify the samples. Spots 
can then be used to generate a “pick list” for robotic spot picking and 
identification by mass spectrometric analysis, as previously described 
[34].

Rapid identification of “unknown” samples

To demonstrate the ability to correctly categorize “blinded” or 
“unknown” samples, one spot map (out of four replicates) for three 
of the experimental samples (KIM5 D27 0 mM calcium, KIM5 D27 
4 mM calcium and NYC 0 mM calcium) was randomly chosen and 
removed from the analyses to function as “unknowns”. To reduce the 
time requirement for this analysis, automated spot matching was used 
with no manual verification. Spots having greater than 1.5-fold change 
in expression between experimental groups, with a P-value ≤ 0.05 and 
a one-way ANOVA ≤ 0.05, were tagged as putative biomarkers for 
classification of the experimental samples. These spots were then used 
to create a classifier, or a mapping of the experimental groups to their 
corresponding expression patterns, to classify “unknown” samples 
based upon protein expression profiles. By removing the “unknown” 
spot maps prior to the creation of the classifier, the classifier could be 
produced independent of the “unknown” spot map and classification 
was therefore based only on the expression signatures of the known 
experimental samples analyzed. To test the classifier, the unknown spot 
maps were then reintegrated into the analysis and classified based on 
the likeness of expression profiles to the list of putative biomarkers.

Results and Discussion
Four strains of Y. pestis (KIM5 D27, NYC, PEXU2, and India-

195/P) were grown at 37°C under calcium concentrations known to 
induce virulence, and to simulate the observed response when Y. pestis 
is transmitted from the flea vector (higher calcium concentration) 
to the infected host (lower calcium concentration) [35-38]. The four 
strains were chosen to represent diversity of origin, as well as diversity 
in virulence level. Our preliminary work in a mouse model indicates 
that the NYC strain is 1000-fold more virulent than the India-195/P 
strain, as demonstrated by established ED50 levels. 

Following co-electrophoresis of the protein samples labeled with 
three fluorescent dyes, Cy2, Cy3 and Cy5, images were obtained for 
each experimental sample. Gels were batch-processed and an average 
of 1918 spots was detected on each gel. The gel displaying the best spot 
characteristics, containing 1952 spots, was designated the master gel. 
Automated spot matching resulted in an average of 1182 spots per gel 
being matched to the master gel. To maximize the quality of matching 
between the gels, an average of 201 spots were manually landmarked 
on each gel. Post-landmarking, the matching resulted in an average 
of 1211 spots being matched to the master gel image and 1409 spots 
being matched on the SYPRO Ruby image. Manual investigation of the 
quality of automated spot matching and the addition of landmarks in 
areas of poor or incorrect automated spot matching prior to further 
analysis is recommended. Presently, improvements in automated 
matching algorithms are needed to reduce the extent of landmarking 
necessary for data analysis. 

Differentially expressed spot determination

Of the spots that were matched to the master gel, 679 exhibited 
differential expression of more than 1.5-fold for at least one 
comparison between the experimental groups consisting of the strain 
and growth differences. After manual verification of the differential 
spots, 446 spots remained for further investigation. The majority of the 
spots that did not pass manual verification was present at levels close 
to background, and did not have characteristics of protein spots. The 
sensitive detection parameters used in this study, while allowing for the 
detection of low abundant proteins, resulted in increased detection of 
artifacts that necessitated manual verification. The manually verified 
spots were then imported into the EDA module of DeCyder and a Base 
Set was created. After selecting spots that were found on more than 
75% of the spotmaps, the remaining Base Set of 401 proteins was used 
to perform PCA (Figure 1) and hierarchical clustering (Figure 2) to 
determine trends in the protein expression profiles.

In the PCA, all strains were well spread from one another, with no 
overlap, suggesting substantial strain-to-strain differences (Figure 1). 
Some growth conditions, specifically those for the KIM5 D27 and NYC 
strains, showed large separation, while the India-195/P strain exhibited 
little separation between the two growth conditions. The lower level 
of differentiation between the two growth conditions of India-195/P, 
visualized in the PCA, may be evidence of a decreased low calcium 
response, and may reflect the lower virulence level of this strain.

Hierarchical clustering corroborated the results found using PCA, 
as the detected expression trends grouped the samples first by replicate 
samples of the strain of Y. pestis. Clustering further showed that growth 
condition (0 mM and 4 mM calcium chloride) for each strain was more 
closely grouped than each different strain to each other, as evidenced 
by the placement of the tree branches in the clustering heat map (Figure 
2). An interesting contrast involves the hierarchical clustering of India-
195/P, which resulted in marked reduction in differences between the 
two growth conditions seen for both PCA (Figure 1) and clustering 
(Figure 2). Taken together, these data suggest proteome differences 
are greater between strains than between growth in different calcium 
concentrations. The greater dissimilarity between each of the four 
strains was unexpected considering the significant levels of proteomic 
differences observed during the low calcium response in previous 
studies [5,6]. The results, however, indicate that there are significant 
protein expression changes between Y. pestis strains that may prove 
useful for detection and threat characterization of unknown, and/or 
uncharacterized strains.
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Biomarker selection in EDA was used on the Base Set to select 
putative biomarkers from the 401 differentially expressed protein spots 
that could distinguish between the experimental groups. The numbers 
of spots analyzed for biomarker selection increased the time required 
to process the data. Another consequence of processing large numbers 
of spots was the potential for decreased accuracy of the biomarker 
selection. This was due to the fact that once 100% accuracy was 
achieved for a set of spots (which only required five spots in the analysis 
of the entire 401 spot Base Set), the remainder of the spots were added 
independent of their importance in differentiating the experimental 
groups. To allow for more accurate and robust biomarker selection, the 
Base Set was broken into smaller groups prior to biomarker selection.

To investigate the observed protein expression patterns, two 
different methods, experimental-based and pattern-based, were 
used for biomarker selection. Spots found to be differential for each 
of the strain and growth comparisons were assembled into groups 
using experimental-based method (Table 2) for biomarker studies. 
Each group was comprised of between 10 to 164 spots, with a total 
of 323 unique spots being found differential for one or more of the 
comparisons listed. Marker selection was performed on each group 
and the number of spots selected, and the classification accuracy for 
each group is reported. A total of 37 spots were selected that could be 
used to distinguish the experimental groups (Table 2). Spots showing 

similar patterns independent of the experimental condition (pattern-
based) were assembled into 8 groups using K-means clustering (Table 
3), ranging from 6 to 102 spots per group. Biomarker selection was 
performed on each group and the number of spots selected, along 
with the classification accuracy of the spots selected for each group 
is reported. A total of 49 spots were selected that could be used to 
distinguish the experimental groups using this pattern-based method 
(Table 3).

The experimentally-based method of biomarker selection identified 

Figure 1: Principle component analysis of the 401 manually verified differentially 
expressed protein spots. Each dot represents an individual spot map of the gel.  
Each of the experimental groups is clearly separated from one another, without 
overlapping of data points, suggesting substantial strain-to-strain differences 
highlighted in their proteomic spot maps. There is also substantial spread 
between each of the growth conditions for the KIM5 D27 and NYC strains.

Figure 2: Hierarchical clustering of the 401 differentially expressed protein 
spots from the Base Set. The spot maps are displayed in rows and the protein 
spots by column. Differential expression is shown by color, with the red spots 
being up-regulated and the green being down-regulated relative to the pooled 
standard. The clustering shows that spot maps are grouped first by the replicate 
samples of each strain (KIM5 D27, India, NYC, and PEXU2), then by the growth 
condition (0 mM and 4 mM calcium chloride), and finally between strains, 
suggesting proteomic spot maps show more differences between strains than 
they do for different calcium growth conditions.
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Group Comparison     (left vs. right) Differential 
Proteinsa

Markers 
Selecteda

1 India-195/P KIM5 D27 63 6
2 India-195/P NYC 39 8
3 India-195/P PEXU2 154 6
4 KIM5 D27 NYC 109 5
5 KIM5 D27 PEXU2 164 6
6 NYC PEXU2 147 6

7 India-195/P 
(4mM Ca2+)

India-195/P 
(0mM Ca2+) 10 3

8 KIM5 D27 
(4mM Ca2+)

KIM5 D27 
(0mM Ca2+) 54 6

9 NYC (4mM 
Ca2+)

NYC (0mM 
Ca2+) 81 9

Totala 323 37
aSpots may be listed as differential among multiple comparisons, but can only be 
listed once in the total number of proteins. All marker selection groups resulted in 
100% accuracy period

Table 2: The number of differentially expressed protein spots per group for a 
direct comparison of the experimental conditions (experimentally-based method).

37 biomarkers (Figure 3) and requires differentiation of spots based 
on the strain and growth condition. As a result, the number of groups 
and the potential selection is heavily biased toward the experimental 
groups, and is therefore, more applicable to comparative proteomic 
analyses with multiple experimental conditions. In addition, since 
the spots are not grouped by the expression patterns determined by 
the proteomic analysis, the resulting clustering may not resemble that 
of the entire Base Set (Figure 3 clustering as compared to Figure 2). 
The pattern-based method identified 49 biomarkers (Figure 4), and 
is unaffected by experimental conditions since experimental groups 
were not directly factored into the grouping or selection, so this type of 
analysis can be applied to all sample types. For example, this approach 
is well-suited for identifying a particular sample with unknown growth 
conditions or strain identification. The two selection methods identified 
16 biomarkers in common, suggesting that these are particularly 
important biomarkers for discriminating between strains and growth 
conditions. Combining the 37 experimentally-based and 49 pattern-
based spots resulted in 70 unique spots providing another mechanism 
for producing a biomarker panel that could be used to distinguish the 
multiple strains and growth conditions.

Rapid identification of “unknown” samples

Automated spot detection and matching data that was imported 
into the EDA module for biomarker identification was used to rapidly 
classify three protein expression patterns that were removed from the 
analyses to serve as “blinded” or “unknown” samples. Of the 1182 
matched spots, 607 exhibited significant differential expression of more 
than 1.5-fold for one or more of the experimental group comparisons. 

Figure 3: Hierarchical clustering of the 37 differential protein spots selected 
using the experimentally-based marker selections method. The spot maps are 
displayed in columns and the protein spots by rows. Differential expression 
is shown by color, with the red boxes being upregulated and the green being 
down-regulated relative to the pooled standard. The clustering fails to group the 
0 mM Ca2+ (light blue) and 4 mM Ca2+ (dark blue) growth conditions for the NYC 
strain together, which differs from the clustering seen with the entire Base Set 
(see Figure 2) and the pattern-based method (Figure 4).

Figure 4: Hierarchical clustering of the 49 differential protein spots selected 
using the pattern-based marker selections method. The spot maps are 
displayed in columns and the protein spots by rows.  Differential expression 
is shown by color, with the red boxes being up-regulated and the green being 
down-regulated relative to the pooled standard. The clustering shows that spot 
maps are grouped first by the replicates of each strain (KIM5 D27, India, NYC 
and PEXU2), then by the growth condition (0 mM and 4 mM calcium chloride), 
and finally between different strains. This hierarchy was the same when using 
the entire Base Set (see Figure 2).

Table 3: The number of differentially expressed protein spots per group for a 
K-means clustering analysis based on expression patterns (pattern-based method).

Group Differential Proteins Markers Selected Accuracy (%)
1 78 6 100
2 102 5 100
3 42 5 100
4 81 5 100
5 12 11 83.34
6 74 7 100
7 6 6 80.95
8 6 4 76.19
Total 401 49  
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The differential protein spots were then imported into the EDA 
module and a Base Set of 424 spots was used to create a classifier, or 
map of differential proteins necessary for classification. The classifier 
corresponding to each experimental group was evaluated for its ability 
to correctly classify each known spot map into the correct experimental 
group. After the classifier was validated, three “unknown” spot maps 
were introduced into the analysis (Figure 5), and the classifier was 
used to match the “unknown” samples with the correct strain and 
growth condition based on protein expression patterns. The successful 
classification of the three “unknown” samples into the appropriate 
experimental group demonstrates that protein expression patterns 
can be used to identify or characterize an unknown sample. Such 
protein expression maps can be developed and used to identify strains 
of infection in various life cycles of Y. pestis, such as within the flea 
vector or human host. These maps could greatly facilitate identification 
leading to a more rapid outbreak response and aid in data analysis for 
epidemiologic studies.

Comparison of the two analytical approaches

To find specific biomarkers that are able to differentiate two 
known parameters, the experimental-based method is more 

applicable, but to determine general trends in protein expression, 
the pattern-based approach will provide less experimentally-biased 
biomarkers. The major differences between the two approaches are 
the landmarking and manual verification steps required to successfully 
analyze the data. Substantial effort was required for landmarking 
and manual verification of the differentially expressed protein spots, 
when using the experimental-based method. While landmarking 
and manual verification reduce error associated with the analysis, 
this study demonstrates that by using EDA after automated spot 
matching, classification of unknown samples is possible using either 
experimental- or pattern-based methods. These analyses of 2-D 
DIGE proteomic data can contribute to a systems-based approach for 
biomarker discovery and pathogen characterization, adding to current 
datasets using transcriptomics, mass spectrometry-based proteomics 
and metabolomics [39]. The analysis described here may not be the 
best technique for studying bacterial detection, and/or identification, 
but can help characterize samples that are shown to be quite similar 
using sensitive, rapid approaches for identification, such as MALDI-
MS or PCR. Genomic sequencing is developing into a more rapid, 
comprehensive approach for bacterial identification, but may require 
a complementary approach for analysis of the post-translational 
characterization of a sample, suggesting another potential use for the 
approach used in this study.

Conclusion
Here, we describe multivariate statistical analysis of 2-D DIGE 

experimental data using DeCyder EDA. The protein expression 
profiles of four diverse Y. pestis strains were compared to determine 
how proteomic diversity between multiple strains of the same species 
can enhance current pathogen detection strategies, such as genomic 
sequencing and MALDI-MS. Two different biomarker panels based on 
either experimental- or pattern-based methods were obtained. Each 
panel is able to successfully classify blinded “unknown” samples. The 
analytical techniques used here allow for the unbiased identification 
of differentially expressed proteins, as well as the rapid classification 
of protein expression patterns. Either of these two approaches for 
biomarker selection can be used to improve the characterization of 
bacteria or other organisms with similar proteomes using 2-D DIGE.
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