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Discrimination of Clinical Microorganism using
Raman Spectroscopy and Pattern Recognition
Techniques

Chi-Chang Lin

Abstract—The raised of prime interest on the bacteria
detections are important because these biological systems
normally have their essential functions in nature, however, some
harmful micro-organisms may have negative effects associated
with animals, human and also environments. An accurate, high
sensitivity and rapid identification assay of cells is extremely
important in areas such as medical diagnosis, biological research,
and environmental monitoring. A direct, sensitive, and rapid
method for the detection of clinical microorganism, including
bacteria and phages, is demonstrated using Raman spectroscopy
combined with pattern recognition techniques (PR for short). A
preliminary study of the data set structure was performed using
following steps procedures: data pre-treatment by exploratory
data analysis (EDA) and standard normal variant (SNV),
variable selection and reduction, and pattern recognition
technique including Genetic Algorithm (GA), k-nearest
neighbour (k-NN) and Partial least squares discriminant
analysis (PLS-DA). The new processing algorithm is applied to
three bacteria and their related phages (Salmonella,
Acinetobacter baumannii, Klebsiella pneumoniae) with excellent
results. The uniqueness of the selected variable an iterative
random subsample, leave-one-out cross-validation (LOOCYV)
procedure is further performed. The Raman fingerprint
combination with pattern recognition techniques showed prefect
classification of microorganism with respect to clinical rapid
diagnostics (LOOCYV for bacteria, phages, and bacteria mixed
with phages are 89.22%, 64.44% and 99.99%, respectively).
This study represents a basic research tool that may allow
researchers and medical doctors to rapidly detect, quantify, and
classify bacterial type at subspecies and strain levels.

Index Terms—Raman Spectroscopy, Clinical microorganism,
Pattern recognition, Genetic algorithm, Partial least squares

. INTRODUCTION

direct, sensitive, and rapid method for clinical detection

and identification is an important basis of providing
patients with medical diagnosis. Laboratory examinations of
clinical isolates such as S. aureus from bodily fluids and H.
pylori from duodenal ulcer specimens currently require highly
time-consuming and complex processes; typically 106-108
cells are needed for the characterization of strains. In deed,
the traditional way is nothing more than high specifi-
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city of species identification or biochemical tests such as
Polymerase Chain Reaction (PCR), antigen-antibody reaction,
etc. In recent years, a quantum jump progress has been made
in rapid detection combined with nanotechnology and
biomedical engineering.  Detection tools including
ultraviolet—visible spectroscopy, Fourier transform infrared
spectroscopy, fluorescence spectroscopy, and nuclear
magnetic resonance spectroscopy, are very common and these
forward-looking technologies mentioned above plays an
extremely important role not just in the fields of medical
diagnosis, biological research but also pharmaceutical, food
science, and environmental monitoring. However, they still
exists some shortcomings, for example, in vivo experiments
using fluorescence spectroscopy needs the target molecular
reagents, FTIR is not easy to apply to the active species
analysis due to interference of solution, PCR is fast, but the
defects are complex steps and non-target amplification.
Specimens for microbial culture from lesions are also a
difficult procedure and costs time-consuming that cannot
obtain information immediately. Therefore, an accurate,
highly sensitivity and rapid identification assay for bacteria
identification is extremely important [1, 2].
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Fig. 1. The block diagram of pattern recognition.
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Since Raman spectroscopy has the advantages of high
sensitivity, non-destructive, non-invasive detection, and
highly specific like a chemical fingerprint of a material and do
not interfered by water for extracting useful information,
make it become a remarkable novel instrument [3]. Previous
studies have reported that using Raman spectroscopy to detect
blood glucose concentration [4, 5]. Liu, R has reported
in-vivo analysis of cells and microorganisms [6]. Briefly,
Raman spectroscopy can provide a qualitative and
quantitative comprehensive chemical signals on the molecular
level of strains, but high complexity of the clinical
microorganisms and their different hosting environment
makes more difficult to discriminate the Raman fingerprints.
In this study, the use of mathematical and statistical
procedures in pattern recognition, which tries to construct a
classifier that can classify implicit or unseen information
based on the different strain spectral fingerprint and can be
analyzed in relatively short time [7, 8].

Il. EXPERIMENTAL PROCEDURE

A. Microorganism samples

Strain selection for clinical infection including three
different types of bacteria (Salmonella, Acinetobacter
baumannii, Klebsiella pneumoniae) in order to facilitate
identification, bacteria were named ED2, KM18 and NK5
respectively.

B. Spectra Acquisition

Bacteria were taken from the culture and centrifuged at
speed 18,000 rpm for 30 minutes. Then taken out the bacteria
from bottom solution and 0.002 mg/mL of sample was added
for SERS. Raman spectra were measured on i-Raman system
produced by BWTEK. The radiation of excitation was 785
nm, laser power was 12 mW and the spectra were measured at
a resolution of 3 cm™. Each spectrum was an average of 2
accumulation for 60s exposure time and was stored from
Raman shift 400 to 1800 cm™.

C. Data Processing and Pattern recognition

In general, data pre-treatment is needed prior to the
application of multivariate data analysis techniques. Each raw
data of fingerprint was pretreated by Savitzky-Golay filter for
reducing the noise in a 5-point smoothing function [12]. To
eliminate systematic differences among measurement, the
same spectral region (Raman shift) chosen for the SNV
transformation is performed on an individual sample basis,
and the same calculation is performed on every single
spectrum. Finally, because principal components maximize
variance, the main EDA technique used here is PCA, which is
mostly used as a tool in order to detect patterns in the
measured data. After the above steps, a few outliers were
found and removed prior to classify.

Variable selection is a preliminary step used in multivariate
data analysis, particularly if the number of samples is
relatively small, the number of variables is large and many of
these variables contain redundant or noisy information. In this
paper, a global optimization strategy can be applied for
extracting features or variable selection (intensities at specific
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Raman-shift) purposes: Genetic-Algorithms (GA). The GA
generates N populations (or called chromosome) of the same
length with Os and 1s binary sequences randomly, each of
which represents a possible solution. Every fingerprint of
Raman shift will be included in the subset if the corresponding
bit (gene) is set to 1, or the Raman shift will not be included.
Then, do PLS for all subsets, i.e., N chromosomes will
generate a total of N PLS-principal components plots [10,
11].
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Fig. 2. The left figure shows the PCs plot before the calculation of our
approach. The right figure shows the PCs plot after GA calculation. For each
pair of chromosomes selected for crossover, two new offspring are generated
using a three-point crossover and mutation probability set at 1%.

A PLS model will try to find the multidimensional direction
in the X space that explains the maximum multidimensional
variance direction in the Y space. In other words, the principle
of PLS is to find the components in the independent variables
(X) that describe as much as possible the relevant variations in
the input variables and at the same time have maximal
correlation with the dependent variables (Y). To facilitate the
tracking and scoring of the principal component plots, the
fitness function (here defined as f(d) cost) of GA was assessed
the quality of the chromosome [12]. Each principal
component plot generated for each feature subset is scored
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using the k-nearest neighbor (k-NN) classification algorithm.
The whole evaluation is an iterative process, and the
population in each iteration called a generation.
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Fig. 3. The principal components of the data explain of the total cumulative
variance.
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Fig. 4. An example of predict ability of classified model.

In each generation, the process including selection,
crossover, and mutation is performed through repetitive steps
until the fitness value equals 100 or a specified number of
generation has been met. After that, the classified Raman
fingerprint of microorganism will be shown in the form of
PLS plot and hierarchical clustering analysis. Moreover, the
leave-one-out cross-validation (LOOCV) procedure is further
performed [13].

One of the important aspects for assessment of pattern
recognition is how the results of a statistical analysis will
generalize to an independent data set. A variant of k-fold
cross-validation is the  so-called leave-one-out
cross-validation, which removes only one sample at a time
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from the training set and considers it as a test set. The
LOOCV model allows illustrating that the model obtained by
the pattern recognition technique is good enough to perform
classification of unknown samples. Because GAs may have a
tendency to converge towards local optima or even arbitrary
points rather than the global optimum of the problem, i.e., the
optimal solution of chromosome may not always be exactly
the same, we try to repeat LOOCV 10 times in order to assess
the overall reliability of training modules. In our approach,
the algorithm flowchart is defined in Fig. 1.
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Fig. 5. The hierarchical clustering analysis result. The X-axis is Euclidean
distance between each sample from PCs plot.

I11. RESULT AND DISCUSSION

Six different variety of clinical microorganism were
collected, and Raman fingerprint samples were measured 7
times for each strain. They entirely contained 42 samples.
After procedures of pretreatment, two outliers were detected
from SNV, one of the class ®ED2 and the other of the class
®NKS3, and deleted. Another seven outliers were removed by
EDA, three for the class ED2, two for the class NK5 and two
for the class ®NK5. As can be seen clearly, after elimination
of the outliers, the final data set consisted of a total of 33
samples: 4 sample of the class ED2, 7 of the class KM18, 50f
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the class NK5, 6 of the class ®ED2, 7 of the class DKM18,
and 4 of the class ®NKS. The following results are
demonstrated using different bacteria mixed with its related
bacteria phages.

The plot of the two largest principal components (defined
by the first and second PCs of the normalized training set) of
the 32 points Raman fingerprints of the microorganism that
before and after GA calculation shows in figure 2. The Raman
fingerprint combination with multiple pattern recognition
techniques shows prefect classification results of six
microorganisms.

Figure 3 illustrates that the two largest principal
components of the data explain 74% of the total cumulative
variance. Figure 4 shows an example of predict ability of our
classified model. For LOOCYV, this procedure can be treated
as a blind testing, one of sample ED2 considered as a test set
which is red circle in the figure. The green circles are kth
nearest sample of the test sample ED2. Because there are
three ED2 in the training set, the data set using the decision
criteria k is equals 3. If test sample ED2 has its nearest
neighbors 3 ED2 class, then defined prediction ability
3/3-100 = 100%.

The hierarchical clustering analysis result is next
performed from the PCs plot (Fig. 5). It can be obviously seen
that the microorganisms is divided into six partitions in HCA.
The label ED2 affixed with (v) denotes test sample. HCA
results are summarized in Table 1. The prediction abilities for
the class ED2, NK5, ®ED2 and ®NKS5 are excellent (100%),
but less accurate for the class KM18 (86%) and the class
OKMI8 (71%).

The classification error, which were divided into false
negative, for example, a sample KM18 has been wrongly
assigned to class ED2, and false positive, namely, one sample
has been wrongly classified to class ED2, one to class ®ED2,
and one to class ®NKS. It means that 3.4% (1/29) of the

samples were accepted as ED2 or ®NKS5, and 3.7% (1/27) of

the samples were wrongly considered as ®ED?2.

Table 1. Prediction ability results of HCA classification of different bacteria

and bacteria phages.
ED2 KMI§ NK5

OED2 @KMI18 ®@NKS Falseneg.

ED2  4(100%) 014
KMIS 1 6(86%) 1n
NK3 5(100%) 05
®ED2 6 (100%) 06
BKMi8 I 5% 1/

BNK5 4(100%) 04

Falsepos. 129 026 028 127 08 129

IV. CONCLUSION

A direct, sensitive, and rapid method for the detection of
clinical microorganism is demonstrated using their Raman
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spectroscopy combined with pattern recognition techniques.
The present result shows that both bacteria and related
bacteria phages can be discriminated by their Raman
fingerprints.

Moreover, this study represents a high sensitivity Raman
spectroscopy-based analysis tool that may allow researchers
and medical doctors to identify and classify clinical bacterial
Raman fingerprints at subspecies and strain levels more
rapidly and easily.

Finally, about 100% of classification can be achieved
between Raman fingerprints of the bacteria and its related
bacteria phages.
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