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Routine classification of food pathogens
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Abstract. Fourier-transform infrared equipped with attenuated total reflection (ATR–FT-IR) was used in combination with
multivariate statistical analysis for classification and identification of food pathogens Staphylococcus and Salmonella. The
goals of the present study were to validate the feasibility of ATR–FT-IR in collecting information for discriminating different
bacteria, and to assess the merits of two routes for effectively identify target foodborne bacteria. The results showed that
ATR–FT-IR was able to provide enough chemical information of each species. Cluster-analysis-test was able to identify target
bacteria at the genus and species level using Pearson’s product-moment correction coefficient and Ward’s algorithm. Partial
least squares regression discriminant analysis (PLS-DA) coupled with multiplicative scatter correction (MSC), standard normal
variate (SNV) and their derivatives demonstrated the probable use of this routine method to differentiate food pathogens at the
sub-species level.
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1. Introduction

The ideal method for examination of the relationships between bacterial strains would have minimum
sample preparation and analyze samples rapidly and inexpensive [6,8,10]. Traditional biochemical test-
ing based on growth and nutritional properties is time consuming and laborious, thereby hindering the
effective treatment of microbial infections [5]. Fourier-transform infrared (FT-IR) spectroscopy is used
for the identification of microorganisms by the chemical information of cellular components, associat-
ing with special chemometrics methods [1,8]. The complex FT-IR spectra reflect the total biochemical
composition of the microorganism, with bands due to major cellular constituents such as lipids, pro-
teins, nucleic acids, polysaccharides and phosphate-carrying compounds [3]. These components have
obvious absorption in middle infrared, especially in fingerprint region. FT-IR has been applied for the
microbiological classification and identification of yeasts [6], Enterobacteriaceae [9], Staphylococcus
[11], Streptococcus [2], Listeria [7] and so on. In those reports, transmittance, diffuse reflectance and
FT-IR microspectroscopy were three common techniques. Despite the use of FT-IR for identifying bac-
teria have been demonstrated, reports of successful field implementation of attenuated total reflection
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(ATR) FT-IR are seldom existent. An advantage of using an ATR sampling accessory is speed and sim-
plicity [11]. Thus, the aim of the present study was to develop an approach based on ATR–FT-IR spec-
troscopy for rapid differentiation and classification of several strains of Staphylococcus and Salmonella.
Staphylococcus and Salmonella are two important foodborne bacteria, which could impact food qual-
ity and food safety. Whole pathogenic organism by vibrational spectroscopy generates large amounts
of seemingly unintelligible data, therefore, requiring appropriate multivariate statistical methods de-
pending on the specific objective. Previous studies on microbial identification applied both unsuper-
vised and supervised techniques for representation of information, namely principal component analysis
(PCA), hierarchical clustering analysis (HCA), factor analysis (FA), linear discriminant analysis, partial
least squares regression discriminant analysis (PLS-DA), soft independent modeling of class analogy
(SIMCA), hierarchical cluster analysis and artificial neural networks (ANNs) [3]. In the current study,
two simple solutions for routine test, both HCA and PLS-DA, were compared to find appropriate spec-
tra pre-processing strategies during discriminating typical food pathogens. We expect to demonstrate an
alternative method by using ATR–FT-IR for the discrimination of food pathogens in food quality control.

2. Experimental section

Twelve strains of Staphylococcus and five genuses of Salmonella were isolates obtained from the
American Type Culture Collection (ATCC) and the China Medical Culture Collection Center (CMCC).
Ten reference strains of foodborne bacteria were used: five Gram-negative strains included Salmonella
typhimurium ATCC14028 (S1), S. choleraesuis ATCC51812 (S2), S. abony NCTC6017 (S3), S. paraty-
phi A ATCC9150 (S4), S. typhimurium ATCC13311 (S5), and five Gram-positive bacteria included
Staphylococcus aureus CMCC26001 (SA1), S. aureus ATCC27664 (SA2), S. aureus ATCC29213
(SA3), S. aureus ATCC6538 (SA4), S. aureus ATCC8095 (SA5). Other seven strains of Staphylococcus
isolated from food, food processing facilities or animals included S. hominis (SHO), S. sciuri (SSC),
S. capitis (SCA), S. cohnii (SCO), S. warneri (SWA), S. epidermidis (SEP), S. saprophyticus (SSA).
65 trains of S. aureus and 14 stains of Salmonella isolated from various foods are used to check the
robustness of the method. The cultures were grown aerobically on Brain Heart Infusion (BHI, included
solid calf brain-beef heat infusion 17.5 g/l, pancreatic digest of gelatin 10.0 g/l, dextrose 2.0 g/l, sodium
chloride 5.0 g/l, disodium phosphate 2.5 g/l) agar plates at 37◦C for 24 h. At the end of cultivation, sev-
eral colonies of each bacterium were washed three times by 0.9% NaCl and centrifugation at 12,000 × g
for 30 s. Prior to analysis the samples were desiccated in vacuum-freeze dryer for 12 h. ATR–FT-IR
spectra for bacteria were collected over the wavenumber range of 4000–600 cm−1 at a resolution of
4 cm−1 by an Equinox 55 spectrometer (Bruker Optics, America), and 128 scans were co-added. For
each strain, thirty biological replicated were set for analysis. In order to avoid variation due to differences
in biomass among the different samples, all spectra were vector normalized in the full range [4].

Two methods based on special absorption bands after calculated using a 9 point Savitzky–Golay
smoothing of each respective spectrum, were used to classify and identify food pathogens. The one
method was to classify related pathogens by cluster analysis according to Ward’s algorithm after calcu-
lated the variance and Euclidian distances of average spectra between clusters. Then, the method was
stored in database and the spectra collected from target pathogens were compared for identifying by
OPUS 5.5 software (Bruker Optics). The other method utilized PCA and PLS-DA algorithms running
in Matlab version 7.0 R14 (MathWorks, USA) and SIMCA-P version 11.0 (Umetrics AB, Sweden), re-
spectively. Multiplicative scatter correction (MSC), extended multiplicative scatter correction (EMSC),
standard normal variate (SNV) and derivatives were applied to the spectra and compared.
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3. Results and discussion

The objectives of this study were to use ATR–FT-IR technique as mean for differentiation mem-
bers of Staphylococcus and Salmonella and to establish a method for rapid identification of those food
pathogens. Two typical spectra after normalization for two strains of Staphylococcus and Salmonella
were shown in Fig. 1. There were some differences of band-height located at several special absorption
regions (Fig. 1A). Absorption band located around 3400 cm−1 corresponded to OH and NH stretching
vibrations that mainly occurred from proteins and carbohydrates. The spectral window between 3000
and 2800 cm−1 are dominated by CH3, CH2 and CH stretching vibrations of functional groups usu-
ally present in fatty acid components and carbohydrates. Two protein absorption bands located around
1640 cm−1 (C=O) and 1538 cm−1 (NH) were assigned as amide I and II bands, respectively. Band
located about 1230 cm−1 showed the absorption of sulphosuccinic acid groups (O=P–OH) [4]. Bands
around 1064 cm−1 in the fingerprint region exhibited several modes such as CH banding, or C–O or
C–C stretching. Typical IR spectra between Staphylococcus (SA1) and Salmonella (S1) indicated these
differences could be used as reference for classification. Use of derivative spectra might enhance the sig-
nificant of these differences. The maximum differences among first derivatives (D1) of Staphylococcus
and Salmonella spectra were found in two windows of the whole spectral range (Fig. 1B): 3200–2800
and 1800–700 cm−1 region. These two windows were selected to calculate spectral distances and ana-
lyze clusters.

The dendrograms obtained after spectral data (3200–2800 and 1800–700 cm−1) pre-processed with
the first and second derivation. There were no significant differences in the figuration of dendrograms
between two kinds of derivatives, so one of dendrogram is shown in Fig. 2. Gram-negative group
(Salmonella) was divided two subgroups. In the Gram-positive group, five strains of Staphylococcus
aureus changed in two groups and SA3 strain was clearly differed with other strains. All the isolated
strains of Staphylococcus showed obvious differences in IR spectra. Among them, SEP and SCO had the
most distance with the others calculated by Pearson product moment correlation coefficient and Ward’s
algorithm. It indicated that components from both strains have obvious difference with the other Staphy-

(A) (B)

Fig. 1. Typical ATR–FT-IR absorption spectra of Salmonella (Salmonella typhimurium ATCC14028, S1) and Staphylococcus
(Staphylococcus aureus CMCC26001, SA1) (A) and their first derivates (B) in the 4000–600 cm−1. The major absorption peaks
are indicated at the top. (Colors are visible in the online version of the article; http://dx.doi.org/10.3233/SPE-2011-0525.)
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Fig. 2. Dendrogram obtained with vector normalized first derivative (D1) spectra of Gram-negative and Gram-positive food
pathogens, arising from hierarchical cluster analysis using Pearson coefficient (3200–2800 and 1800–700 cm−1 windows) and
Ward’s clustering algorithm.

lococcus. The step was able to establish a cluster-analysis-test database for identifying the unknown
bacteria, which had been pretreated and belonged to these known clusters. This first discrimination step
was essential for the subsequent identification among the bacteria belong to each group, although could
not obtain enough interspecies information.

For more detailed classification, PLS-DA was applied to determine the differences between groups of
closely related IR spectra. Because the x variables (wavenumber) were so large that we had to extract
effective regions of absorption spectra before establishing the model. There were significant differences
between genus Staphylococcus and Salmonella in 1800–700 cm−1 region, especially in DI, DII and DIII
(seen in Fig. 3). After normalization, three of peak line height of genus Staphylococcus located in DI,
DII, and DIII were obviously higher than those of genus Salmonella. These three regions were treated
with second derivation (D2) and more than one peak was found in magnification of each region (Fig. 3,
right). Besides, various species showed different figures but different subspecies were almost uniform
in these regions. The results indicated that these food pathogens could be separated well by the second
derivation in the selected regions.

Table 1 showed model performance and details with the PLS algorithm for both total range variables
and selected ranges after different data were pre-processed. Each model was evaluated according to
their predictive capabilities assessed by the root mean square error of prediction (RMSEP) and R2 for
fitted PLS-DA model. In addition, the number of the principal components (PCs) for each model predic-
tion was listed to compare the factor loading of model. In general, both variable selection method and
derivatization improved the predictive performance and decreased factor loading of models. For original
spectra, SNV was better than MSC and EMSC, either established by total range or by selected ranges.
For two kinds of derivatives, the methods of variable selection B1 (3200–2800 and 1800–700 cm−1)
and B2 (1800–700 cm−1) got lower value of RMSEP and higher R2 after dealt with SNV than other
methods. SNV-D1-B2 model presented the lowest value of RMSEP among all models, and meant that
this model be best for PLS-DA considering the balancing of factor loading and R2.

After stored the appropriate pre-processing strategies, prediction capabilities of both cluster-analysis-
test and PLS-DA identification routes were measured. The results showed that all of models could dis-
criminate rightly to genus, but 87.67 and 93.33% of minimal precision to species respectively. Only
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Fig. 3. Discrimination windows in ATR–FT-IR absorption spectra and relative second-derivates (D2) between Salmonella and
Staphylococcus. Three regions locate at: DI, 1760–1700 cm−1; DII, 1580–1480 cm−1; DIII, 1450–1350 cm−1. (Colors are
visible in the online version of the article; http://dx.doi.org/10.3233/SPE-2011-0525.)

Table 1

Cross validation results for original spectral variables and selected variables during PLS-DA algorithm

Model code Total range Variable selection methods

R2 RMSEP PCs B1 (vn = 676) B2 (vn = 597) B3 (vn = 138)

R2 RMSEP PCs R2 RMSEP PCs R2 RMSEP PCs
MSC 0.9685 0.0809 10 0.9589 0.0924 8 0.9502 0.1017 6 0.9566 0.09487 6
EMSC 0.9533 0.0985 9 0.9494 0.1025 7 0.9564 0.0952 8 0.9419 0.1099 6
SNV 0.9748 0.0723 8 0.9676 0.0820 6 0.9590 0.0923 6 0.9581 0.0933 6
D1 0.9783 0.0672 5 0.9703 0.0785 4 0.9782 0.0672 5 0.9581 0.0932 5
MSC-D1 0.9762 0.0702 5 0.9695 0.0796 4 0.9689 0.0804 4 0.9581 0.0933 5
EMSC-D1 0.9770 0.0691 5 0.9704 0.0784 4 0.9697 0.0794 4 0.9584 0.0930 5
SNV-D1 0.9783 0.0672 5 0.9703 0.0785 4 0.9784 0.0670 4 0.9577 0.0937 5
D2 0.9727 0.0752 5 0.9827 0.0600 7 0.9506 0.1013 4 0.9470 0.1049 6
MSC-D2 0.9776 0.0682 5 0.9601 0.0910 4 0.9581 0.0933 4 0.9619 0.0890 6
EMSC-D2 0.9710 0.0776 6 0.9278 0.1224 4 0.8784 0.1589 3 0.8921 0.1497 4
SNV-D2 0.9727 0.0752 5 0.9580 0.0933 4 0.9506 0.1013 4 0.9242 0.1254 5

Notes: D1 and D2 indicate 1st derivative and 2nd derivative respectively. B1, B2, B3 represent three windows located: 3200–
2800 and 1800–700 cm−1; 1800–700 cm−1; 1760–1700, 1580–1480, 1450–1350 cm−1, separately. vn – number of wavenum-
ber selected from entire spectrum. Number of PCs for prediction is determined when X information represents more than 99%
of all variables.
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three PLS-DA models of SNV-D1-B2, MSC-D2-B2 and MSC-D2-B3 did present 100% of precision to
subspecies when number of PCs was about 10 (data not shown).

In conclusion, this study demonstrated the use of ATR–FT-IR spectroscopy to obtain foodborne bacte-
ria information easily and further developed for identification. Cluster-analysis-test was able to identify
different genus and species well, but not able to classify bacteria to subspecies or different strains of the
same species correctly. PLS-DA supplied with various pre-processing strategies was better than cluster-
analysis-test, and some types strategies based on PLS-DA could precisely truly predict food pathogens
to subspecies.

Acknowledgements

We thank Prof. Xianming Shi and Prof. Zhengwu Wang for bacterial preparation and data analysis. We
also thank Dr. Parvez Haris and the anonymous reviewers for the valuable comments on previous version
of the manuscript. This project was supported by Science and Technology Commission of Shanghai
Municipality (No. 08DZ0504700) and Shanghai Jiao Tong University (No. YG2009MS23).

References

[1] A. Bosch, M.A. Golowczyc, A.G. Abraham, G.L. Garrote, G.L. De-Antoni and O. Yantorno, Int. J. Food Microbiol. 111
(2006), 280–287.

[2] R. Goodacre, É.M. Timmins, P.J. Rooney, J.J. Rowland and D.B. Kell, FEMS Microbiol. Lett. 140 (1996), 233–239.
[3] K. Maquelin, C. Kirschner, L.P. Choo-Smith, N. van-den-Braak, H.P. Endtz, D. Naumann and G.J. Puppels, J. Microbiol.

Med. 51 (2002), 255–271.
[4] L. Mariey, J.P. Signolle, C. Amiel and J. Travert, Vib. Spectrosc. 26 (2001), 151–159.
[5] A.M. Melin, A. Allery, A. Perromat, C.Bébéar, G. Déléris and B. De-Barbeyrac, J. Microbiol. Meth. 56 (2004), 73–82.
[6] H. Oberreuter, J. Charzinski and S. Scherer, Microbiology 148 (2002), 1523–1532.
[7] C.A. Rebuffo, J. Schmitt and S. Scherer, Appl. Environ. Microbiol. 73 (2007), 1036–1040.
[8] L.E. Rodriguez-Saona, F.M. Khambaty, F.S. Fry and E.M. Calvey, J. Agric. Food Chem. 49 (2001), 574–579.
[9] C. Sandt, C. Madoulet, A. Kohler, P. Allouch, C. De-Champs, M. Manfait and G.D. Sockalingum, J. Appl. Microbiol. 101

(2006), 785–797.
[10] M. Wenning, H. Seiler and S. Scherer, Appl. Environ. Microbiol. 68 (2002), 4717–4721.
[11] P. Whittaker, M.M. Mossoba, S. Al-Khaldi, F.S. Fry, V.C. Dunkel, B.D. Tall and M.P. Yurawecz, J. Microbiol. Med. 55

(2003), 709–716.



Submit your manuscripts at
http://www.hindawi.com

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Inorganic Chemistry
International Journal of

Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

 International Journal ofPhotoenergy

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Carbohydrate 
Chemistry

International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Journal of

Chemistry

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Advances in

Physical Chemistry

Hindawi Publishing Corporation
http://www.hindawi.com

 Analytical Methods 
in Chemistry

Journal of

Volume 2014

Bioinorganic Chemistry 
and Applications
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Spectroscopy
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

The Scientific 
World Journal
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Medicinal Chemistry
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

 Chromatography  
Research International

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Applied Chemistry
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Theoretical Chemistry
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Journal of

Spectroscopy

Analytical Chemistry
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Quantum Chemistry

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

 Organic Chemistry 
International

Electrochemistry
International Journal of

Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Catalysts
Journal of


