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Abstract

Methicillin-resistant Staphylococcus aureus (MRSA), one of the most important clinical
pathogens, conducts an increasing number of morbidity and mortality in the world. Rapid
and accurate strain typing of bacteria would facilitate epidemiological investigation and
infection control in near real time. Matrix-assisted laser desorption ionization-time of flight
(MALDI-TOF) mass spectrometry is a rapid and cost-effective tool for presumptive strain
typing. To develop robust method for strain typing based on MALDI-TOF spectrum, machine
learning (ML) is a promising algorithm for the construction of predictive model. In this study,
a strategy of building templates of specific types was used to facilitate generating predictive
models of methicillin-resistant Staphylococcus aureus (MRSA) strain typing through various
ML methods. The strain types of the isolates were determined through multilocus sequence
typing (MLST). The area under the receiver operating characteristic curve (AUC) and the
predictive accuracy of the models were compared. ST5, ST59, and ST239 were the major
MLST types, and ST45 was the minor type. For binary classification, the AUC values of vari-
ous ML methods ranged from 0.76 to 0.99 for ST5, ST59, and ST239 types. In multiclass
classification, the predictive accuracy of all generated models was more than 0.83. This
study has demonstrated that ML methods can serve as a cost-effective and promising tool
that provides preliminary strain typing information about major MRSA lineages on the basis
of MALDI-TOF spectra.
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Introduction

Staphylococcus aureus is one of the most important clinical pathogens that results in various
types of infection. Particularly, methicillin-resistant Staphylococcus aureus (MRSA) has
become a serious issue worldwide, because it is associated with increased morbidity and mor-
tality [1-5]. Epidemiologically, early detection of a possible MRSA outbreak and appropriate
infection control would limit its spread. For epidemiological investigation and surveillance,
strain typing of MRSA in real time is essential [3, 5, 6]. Several molecular methods, including
pulsed-field gel electrophoresis (PFGE), S. aureus protein A (spa) typing, and multilocus
sequence typing (MLST), have been developed for strain typing of MRSA [3, 6, 7]. These
DNA-based analyses provide accurate and detailed subspecies information. However, these
methods are labor-intensive, time-consuming, and cost-ineffective [3, 5, 7, 8]. For instance,
several days are necessary for strain typing through PFGE. Thus, their wide application in clin-
ical practice is restricted because the requirements of rapidity and cost-effectiveness for strain
typing are not satisfied.

Protein expression pattern obtained from matrix-assisted laser desorption ionization-time
of flight (MALDI-TOF) mass spectrometry is an alternative tool for timely, cost-effective, and
reliable strain typing. In recent years, MALDI-TOF spectral analysis has been widely used in
clinical microbiology for the identification of bacteria, fungi, and mycobacteria [3, 9-12]. The
distinctive features of MALDI-TOF spectral analysis include rapidity, cost-effectiveness, and
accuracy. Only several minutes are required to correctly identify an isolate by using MALDI-
TOF spectral analysis. It is also more cost-effective than PFGE, spa typing, and MLST. More-
over, it produces reliable discrimination results at the species level, with high reproducibility
[9-11]. Because of the aforementioned characteristics, many clinical microbiology laboratories
routinely utilize MALDI-TOF for bacterial identification. In addition to the identification of
bacterial species, some researchers have utilized MALDI-TOF spectra for subspecies discrimi-
nation (e.g., strain typing) 3, 6,7, 9, 11, 13, 14].

Recently, several methods have been developed to analyze MALDI-TOF spectra for subspe-
cies discrimination. Some studies have conducted visual examination of the MALDI-TOF
pseudo-gel or spectra to discover strain-specific peaks [3, 13, 15]. Other studies have identified
strain-representative peaks on MALDI-TOF spectra through software [1, 7, 16]. In these stud-
ies, the presence or absence of specific peaks was considered the classification rules for subspe-
cies discrimination [3, 5, 15]. However, to date, inconsistent results have been obtained. The
underlying reasons are complex. First, the MALDI-TOF spectra of highly related strain are
similar. The subtle difference among the spectra would be difficult to interpret correctly by
visual examination [6, 7, 17]. Moreover, protein expression differences among strains may be
also present in the non-ribosomal proteins [9, 13]. Not only the presence or absence of pro-
teins but also their expression levels are considered in the discrimination of microbial subspe-
cies at the strain level [5, 6]. To resolve the issues, machine learning (ML) methods may
generate more detailed information.

ML methods are multivariate analysis algorithms. ML models can predict unknown cases
by learning the pattern of multivariate data in training cases. The decision tree (DT) induction
algorithm, support vector machine (SVM), and k-nearest neighbor (KNN) are robust and
widely applied ML methods for real-world discrimination problems [18-21]. This study aims
to develop a framework of applying machine learning method to the analysis of MALDI-TOF
spectra. The MRSA was used as a case study for demonstrating the performance of the pro-
posed methodology. To successfully applying ML methods in strain typing, features obtained
from MALDI-TOF spectra should be well-defined. In this study, method of building strain-
specific template was developed to cope with the issue of “peak shift” [22] and defining
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features. The MALDI-TOF spectra of clinically obtained MRSA isolates were used to train
models based on DT, SVM, and KNN for the discrimination of major MRSA lineages. The
performance levels of the models for strain typing of MRSA were evaluated and compared.

Material and methods
Bacterial isolates

A total of 125 clinical MRSA isolates were collected from 2009 to 2014 at the Linkou branch of
Chang Gung Memorial Hospital (CGMH), Taiwan. The isolates were all recovered from inpa-
tients’ blood specimens. The blood specimens were obtained from department of laboratory
medicine of CGMH, which received all the specimens throughout the various wards. The clini-
cal blood samples were cultured in trypticase soy broth (Becton Dickinson, MD, USA). Posi-
tive growth of bacteria was detected by the automated detection system (BD BACTEC™ FX;
Becton Dickinson, MD, USA). Subculture from the positive blood bottle onto blood plate agar
(Becton Dickinson, MD, USA) was performed. S. aureus was identified on the basis of colony
morphology, microscopic examination, coagulase test, catalase test, and MALDI-TOF spectra.
According to Clinical & Laboratory Standards Institute (CLSI) guidelines, we used cefoxitin
disk as the surrogate agent to determine resistance to oxacillin. The isolates were frozen at
—70°C until use. The susceptibility test was repeated after re-cultivating the isolates from stor-
age. Moreover, we have also performed mecA PCR for confirming resistance to oxacillin.

Multilocus sequence typing

Seven housekeeping genes (i.e. carbamatekinase (araC), shikimate dehydrogenase (areE), glyc-
erol kinase (glp), guanylate kinase (gimk), phosphate acetyltransferase (pta), triosephosphatei-
somerase (tpi), and acetyl coenzyme A acetyltransferase (yqiL)) were sequenced to determine
the MLST type of each isolate. The sequence results were compared with the sequences in the
S. aureus MLST database (http://saureus.mlst.net/). The MLST type was determined by the
corresponding allelic numbers of the 7 genes [23].

MALDI-TOF MS spectra and data processing

MALDI-TOF spectra were used to identify the species of all isolates, as described in the pre-
ceding paragraph. The measurement procedures were conducted following the manufacturer’s
instructions (Bruker Daltonik GmbH, Bremen, Germany). In brief, the isolates were subcul-
tured from milk stock onto trypticase soy agar containing 5% sheep blood (Becton Dickinson,
MD, USA) at 37°C for 22-24 h. Single colony was scraped from agar plate onto MALDI-TOF
steel target plate. The microbial film was then overlaid with 1 ul 70% formic acid. After air
dried in room temperature, one micro-litter matrix solution (50% acetonitrile containing 1%
o-cyano-4-hydroxycinnamic acid and 2.5% trifluoroacetic acid) was applied. Again after air
dried, MALDI-TOF spectra were conducted on Microflex LT mass spectrometer (Bruker Dal-
tonik GmbH, Bremen, Germany). Spectra were obtained under linear positive mode with +20
kV as the accelerating voltage, and the nitrogen laser frequency was set as 60 Hz. Two hundred
and forty laser shots were collected from different locations over each sample spot. All samples
were assayed in duplicate. Bruker Daltonics Bacterial Test Standard was used for external cali-
bration for the spectra. Flexanalysis 3.4 (Bruker Daltonik GmbH, Bremen, Germany) was used
for mass spectra processing, which was set as following: Savitzky-Golay algorithm for smooth-
ing; Top Hat method for baseline subtraction; relative intensity threshold was set as zero; sig-
nal-to-noise ratio threshold was set as two. The species of S. aureus was reported on the basis
of analysis results from Biotyper 3.1 (Bruker Daltonik GmbH, Bremen, Germany). Biotyper
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provided peaks with sufficient intensity and signal quality. For each isolate, the number of
peaks was set up to 100. MALDI-TOF analysis of isolates was repeated until an acceptable

quality level of spectra (log score > 2.00) was obtained, in accordance with the benchmark
instruction of Biotyper 3.1. In this investigation, spectra ranging from 0 to 20,000 Da were
obtained for further analysis.

Analysis of MS spectra

A type template was generated for each major MLST type according to the m/z value. In brief,
the m/z values of peaks were aligned among the isolates of an identical ST type. If a particular
m/z value had a high probability of occurrence for a particular ST type, it was selected as a
peak feature in the “type template” for the ST type. A low probability such as 20% could be
selected as the threshold for preliminarily selecting peak features without too much missing.
The signals with highest occurrence probability in local region (+5 m/z) would serve as the
temporary centers of the peak features. The locations and variance of the peak features were
calculated on the basis of the signals in the local regions. The mass spectrum of each isolate
was then aligned against the type templates of the major ST types, resulting in “matched vec-
tors” of log-transformed intensities. The criteria of spectra alignment were based on the loca-
tion and the location variance of each peak feature. If a peak of mass spectrum was located
within mean * 1.96-fold standard deviation of a specific peak feature location, then it means
that there is signal over the specific peak feature. A log-transformed intensity would be put
into the corresponding site of matched vector. The matched vectors were then concatenated
into a single “integrated vector,” in which each element is the log intensity value of a peak cor-
responding to a representative peak feature in the type templates. The integrated vectors gen-
erated from all isolates were then used to construct ML models for strain type discrimination.
The details are illustrated in S1 Fig.

Ilustration of discriminative features

In this study, the DT was applied for illustration of discriminative features. The DT is a simple
but widely used ML method, and it was originally intended for resolving classification prob-
lems [24]. The DT constructs a flowchart-like decision tree structure in a top-down manner
from the training data of a given classification problem, where each internal node denotes a
test on a feature, each branch denotes an outcome of the test, and each leaf node represents a
class label. At each internal node, the best feature is chosen to partition the data of this node
into individual classes. The features that appear in the tree are assumed to be relevant to the
given classification problem. In this study, the tree structure was constructed using J48 in
WEKA [25]. The integrated vectors were normalized such that each vector element was 0 or 1.
A decision tree was built from the normalized vectors by using the DT in order to identify the
most feasible features relevant to the discrimination of MRSA strain types. The features at the
internal nodes of the tree structure were selected as informative features for the preliminary
profile analyses in the following experiments.

Profile analysis of the discriminative features

For peak profile analysis, radar chart construction was performed to preliminarily investigate
the differences among the studied ST types. On the basis of the features selected by DT, the
mean log intensities of the features were calculated and compared among various ST types.
The comparison was illustrated by constructing a radar chart.

PLOS ONE | https://doi.org/10.1371/journal.pone.0194289 March 13,2018 4/16


https://doi.org/10.1371/journal.pone.0194289

@° PLOS | ONE

Strain typing of methicillin-resistant Staphylococcus aureus

Principal component analysis

Principal component analysis (PCA) was conducted on the selected features to illustrate the
distribution of various ST type isolates. The log intensities of the selected features were pro-
jected onto principal component 1 (PC 1) and principal component 2 (PC 2). Through the
new axes of PC 1 and PC 2, variances among different ST types were maximized, and separa-
tion of the various ST types was illustrated. PCA was performed using the “princomp” function
of MATLAB (MathWorks, MA, USA).

Feature selection and construction of predictive models

S2 Fig depicted the framework of training and validating ML models. Nested cross validation
was used for the validation [26, 27]. Briefly, we used five-fold cross validation for training
(four folds) and validating (one fold) the ML models. Feature selection was performed in the
training set of each five-fold iteration by using FSelector (0.21) package of R software (version
3.3.2, R Foundation for Statistical Computing, http://www.r-project.org/). Features were
selected using random forest algorithm. Most discriminative features would be selected based
on its relevance to the outcome. The selected features were then used for training. Another
inner five-fold cross validation was used for tuning ML models within each training set. Fea-
ture selection and tuning ML models were performed within training set of each iteration (i.e.
nested cross validation) to avoid over-fitting.

Development of decision tree (DT) models

The classification of a query sample of an unknown class is a top—down process that tests the
feature values of the sample against the nodes of the decision tree. It starts from the test of the
root node and follows the appropriate branch based on the test. If another node is reached,
the test of the node is applied subsequently. If a leaf is reached, the class label associated with
the leaf is assigned to the query sample and the classification process is terminated. DT dis-
crimination models based on both binary and multiclass classification strategies were gener-
ated using the “ClassificationTree.fit” function of MATLAB (MathWorks). The minimal
number at each leaf was set at 2, “deviance” was set for the parameter of “SplitCriterion,” and
other parameters were set as default, unless specified. The likelihood of a query sample belong-
ing to a class was estimated using the “predict” function of MATLAB, and the sample was
assigned to the class with the highest likelihood.

Development of support vector machine (SVM) models

In this study, SVM models were constructed using a MATLAB version of the LIBSVM 3.20
software package, which is a widely applied SVM software tool [28]. An effective SVM model
was constructed using the procedure outlined in the manual [29]. Briefly, the procedure mainly
included two steps: (1) selecting an adequate feature mapping kernel function to map the train-
ing samples of two classes into a high-dimensional space such that the two classes might
become linearly separable and (2) determining parameters c (the penalty for misclassification)
and y (the standard deviation of the radial basis function [RBF] kernel). As described in a num-
ber of previous works [30-34], the RBF is a reasonably best choice for a kernel function when
training an SVM classifier. The RBF function is defined as K(S;, S;) = exp(-7||S; — S;[|*). Two
supporting parameters, gamma (r) and cost (c), are used to enhance the predictive power of
the SVM. The RBF kernel is determined by the gamma parameter, while the cost parameter
controls the hyperplane softness. A Python program (grid.py) provided by LIBSVM was used
to optimize gamma and cost and to obtain a better predictive accuracy. The advantage of the
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RBF kernel was confirmed in our preliminary trial. Subsequently, another 5-fold cross valida-
tion was used for tuning the best values of ¢ and y in each five-fold cross validation, as
described previously [18, 35]. Both binary classification and multiclass classification were
applied separately to generate the classification models.

Development of K-nearest neighbors (KNN) models

The proposed KNN models were constructed using the “ClassficationKNN.fit” function of
MATLARB. Binary and multiclass classification strategies were used to generate the KNN mod-
els separately. Another 5-fold cross validation was used for tuning the number of the nearest
number (k) in each 5-fold cross validation. Moreover, “cosine” was set for the parameter of
distance in the “ClassficationKNN.fit” function. Other parameters were set to their default val-
ues. In the KNN models, a case was classified by a majority vote of its neighbors. For each vali-
dation case in the validation data set, the distances from the cases in the training data set were
calculated. The class categories of the k cases whose distances were closest to the validation
case were recorded. The class of the validation case was accordingly predicted based on the
major class category of these k closest cases.

Validation and comparison of various predictive models

The receiver operating characteristic (ROC) curve was used to evaluate the performance levels
of the ST type binary classification models based on the DT, SVM, and KNN. ROC curves
were generated using SPSS (Version 20; SPSS Inc.). Furthermore, discrimination accuracy and
the area under the curve (AUC) were calculated to compare the discrimination abilities of

the models. The performance levels of multiclass classification models were also examined by
five-fold cross validation. The samples were shuffled randomly before each cross-validation
procedure.

Statistical analyses

To evaluate the performance levels of the ML models, one-way analysis of variance (ANOVA)
with a statistical significance level of 0.05 was used to examine the effect of different ML
methods (DT, SVM, and DT) on the AUC and discrimination accuracy. The Tukey honestly
significant difference (HSD) post hoc test was used to determine the differences when the null
hypothesis of ANOVA was rejected. P values less than .05 and .01 were labeled separately. All
statistical analyses were performed using SPSS (Version 20; SPSS Inc.).

Results
Data statistics of eligibly spectra peaks through Biotyper

For the 125 MRSA isolates, the identification scores of S. aureus provided by Biotyper were all
more than 2. The 125 isolates were categorized into three major ST types (ST5, ST59, and
ST239) and one minor ST type (ST45). The ST types of the isolates were as follows: 28 isolates
were ST5, 8 were ST45, 27 were ST59, and 62 were ST239. The number of peaks ranging
from 0 to 20,000 Da was 93.96 + 12.90 on average. Specifically, it was 91.68 + 18.44 for ST5,
89.38 +20.06 for ST45, 94.22 + 11.51 for ST59, and 95.47 + 8.81 for ST239. Moreover, 89 rep-
resentative peak features were noted in the type template for ST5, 108 for ST59, and 101 for
ST239. No type template was built for the minor ST type ST45 because the number of ST45
isolates was not large enough and they were not considered sufficiently representative conse-
quently. The spectral peaks of each isolate were aligned with the 298 (89 + 108 + 101) represen-
tative peak features to generate an integrated vector for each isolate.
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Hlustration of discriminative features

The DT was used to generate a decision tree structure to select the most discriminative features
from the 298 representative peak features. The decision tree comprised 10 internal nodes and
11 leaf nodes, where each internal node denotes a test on a peak feature, and each leaf node
represents a class label (ST type). Totally, nine different peak features (m/z values: 1695, 2066,
2451, 2978, 3176, 3891, 4074, 4813, and 6550) were extracted from the decision tree structure,
as illustrated in Fig 1.

Peak characteristics of various ST types

Fig 2 presented the radar chart of average log-transformed intensities of the nine selected peak
features among the different ST types. Differential peak profile patterns were obtained for the
various ST types using the nine features. Comparatively, ST5 showed significantly higher peak
intensity than the other ST types at 3891 and 4074 m/z; ST45 showed significantly lower peak
intensity at 4813 m/z; ST59 showed significantly higher peak intensity at 1695 m/z and
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Fig 1. Decision tree structure constructed for illustration of discriminative features. “P” represents “positive” (presence of a peak) at branches of internal nodes;
“N” represents “negative” (absence of a peak) at branches of internal nodes.

https://doi.org/10.1371/journal.pone.0194289.g001
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Fig 2. Radar chart of average log-transformed intensities of selected feature peaks. P1695, P2066, P2451, P2978, P3176, P3891, P4074, P4813, and P6550 represent
the signal peaks at 1695, 2066, 2451, 2978, 3176, 3891, 4074, 4813, and 6550 m/z, respectively.

https://doi.org/10.1371/journal.pone.0194289.9002

significantly lower peak intensity at 2978 and 3176 m/z; and ST239 showed significantly lower
peak intensity at 6550 m/z and higher peak intensity at 2451 and 2978 m/z.

Three-dimensional scatter plot and PCA comparison of various ST types

Three discriminatory peaks (peaks at 4074, 4813, and 6550 m/z) were selected from the nine
peak features in the constructed decision tree structure (Fig 1) as axes for the 3D scatter plot.
The isolates of various ST types were presented by a 3D visualization (Fig 3) according to the
log-transformed intensities of the three peaks. The scatter plot preliminarily revealed that ST5,
ST59, and ST239 could be discriminated with relatively high accuracy by using the log intensi-
ties of the three selected peaks. Moreover, the isolates of various ST types were plotted on the
PCA plot according to the scores over PC 1 and PC 2 (Fig 4). The plot illustrated that ST59 iso-
lates were clustered in a certain area, which could be distinguished with high accuracy from
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Fig 3. Three-dimensional scatter plot of various ST type isolates. P6550, P4074, and P4813 represent peak signals at 6550, 4074, and 4813

m/z, respectively.

https://doi.org/10.1371/journal.pone.0194289.9003

the other clusters. By contrast, the clusters of ST5, ST45, and ST239 could not be clearly sepa-
rated from each other on the basis of the PCA plot.

Performance comparison of various ML methods

In this investigation, AUC, and accuracy were used to assess the performance levels of the vari-
ous ML models for strain type discrimination. For each ST type, the performance levels of the
different ML methods based on binary classification were compared (Table 1). For the dis-
crimination of all ST types, the SVM and KNN methods outperformed the DT (P-value <
0.01). Moreover, the SVM method generated higher performance than the KNN method for
all ST types. In multiclass classification, the performance levels of the various ML models were
also compared. The results revealed that all ML methods provided similar performance, with
accuracy levels of more than 83% (Table 2).

Discussions

In this investigation, the ML models could provide a rapid identification of invasive clones,
such as MRSA ST239 [36]. Moreover, the models may facilitate the identification of an
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Table 1. AUC of binary classification ML models for different ST types.
ML models ST5 ST45 ST59 ST239
AUC SE AUC SE AUC SE AUC SE
DT 0.762 0.079 0.500 0.000 0.933 0.021 0.895 0.019
SVM 0.963 0.018 0.919 0.039 0.975 0.015 0.991 0.005
KNN 0.953 0.033 0.789 0.114 0.958 0.026 0.967 0.020

AUC: area under ROC curve; SE: standard error.

https:/doi.org/10.1371/journal.pone.0194289.t001

outbreak of less common strains (e.g., ST45) in a less computationally intensive manner. For
binary classification of ST typing, the SVM models outperformed the DT or KNN models
(Table 1). Moreover, the KNN models outperformed the DT in the typing of all ST types inves-
tigated in this study. By contrast, the DT exhibited low performance for the typing of ST45. In

Table 2. Accuracy of multiclass classification using various ML methods.

ML Methods ACC SE

DT 0.832 0.015
SVM 0.864 0.020
KNN 0.848 0.027

ACC: accuracy; SE: standard error.

https://doi.org/10.1371/journal.pone.0194289.t1002
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this study, only eight isolates of ST45 were detected. According to our results, ST45 is not a rel-
atively typical epidemiological strain in Northern Taiwan. The ratio of ST45 isolates to non-
ST45 isolates was 8:117. The unbalanced data would lead to unfavorable AUC performance of
the DT. In this study, multiclass classification models were also developed. All ML models
exhibited high performance, with accuracy levels of approximately 85%, and no statistical
differences were observed in their accuracy levels (Table 2). However, the performance levels
of multiclass classification models are generally not as high as those of binary classification
models. A binary classification problem involves only two classes, whereas a multiclass classifi-
cation problem involves multiple classes. The increased complexity in the number of classes
results in the subsequent decline in the classification accuracy.

MALDI-TOF mass spectra could be used to facilitate the characterization of multiple bio-
logical molecules, mainly proteins. For typing at the species level, the expression patterns of
certain proteins, particularly ribosomal proteins, are used as fingerprints of specific species [9,
13]. Recently, identification of genus and species are with high accuracy in clinical microbiol-
ogy laboratories. However, for highly related isolates of the same species, subspecies typing by
using MALDI-TOF spectra has not been well-established yet. MALDI-TOF mass spectra are
composed of multiple signals of peaks, including m/z values, intensities, areas, and signal-to-
noise ratios. Manual analysis of the massive and complex omics data is labor intensive.
Recently, visual examination has been adapted to identify the representative peaks on pseudo-
gel spectra. The accuracy of the method depends on the experienced personnel, and this
method is relatively labor intensive. The characteristics of subjectivity, operator dependence,
and limited throughput restrict the application of the method. In addition, compared with
MALDI-TOF mass spectra among different species, more subtle differences are observed in
the spectra among different strains [15, 37]. Consequently, it is reasonable to incorporate ML
methods to provide a more unbiased analysis. For successfully applying ML methods, data pre-
processing is a crucial step. To identify the relevant peak features of MALDI-TOF mass spectra
for strain typing, a type template was established for each ST type in this study. The approach
resolved the problem of peak shift [22] and facilitated feature definition, which is important
for ML-based analysis. The features in the type template of a specific ST type denote character-
istic m/z values that can serve as a fingerprint for that ST type. The spectra of each isolate were
aligned with the type templates of ST5, ST59, and ST239. Log-transformed intensities at the
specific m/z values of the ST type templates were integrated into an integrated vector (as pre-
sented in S1 Fig). Through these procedures and alignment, the complex MALDI-TOF spectra
of the 125 MRSA isolates were standardized for further analysis.

For classification problems with a large set of features, another essential issue is the selection
of a subset of relevant features. Several feature selection methods, including filter, wrapper,
and embedded methods, have been developed to avoid the curse of dimensionality for high-
dimensional classification problems [38]. Wrapper methods are the most likely to identify the
most robust combination of features when exhaustive searching is used to evaluate every com-
bination [38]. However, in this study, 2298
significant computation time if a wrapper method was adopted to select a subset of relevant
features for developing ML models for strain typing. Thus, using a wrapper method would be
computationally intensive and impractical. By contrast, feature importance from random for-
est algorithm is a simple but effective method for feature selection. In this study, the features
selected by random forest could generate high-performance ML models for MRSA strain
typing.

The DT, SVM, and KNN approaches are all widely applied ML methods. For classification
problems, the DT constructs a decision tree structure to extract simple if-then classification
rules that enable intuitive interpretation and explanation of the classification results. By

— 1 different combinations of features would require
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contrast, the classification rules in the SVM and KNN methods are implicit and cannot be
explained easily. For the SVM method in this study, the samples of two different classes were
mapped into a space of higher dimension by an RBF kernel to enable linear separation between
the two classes. The SVM method is also one of the state-of-the art ML methods, which is
widely applied in many fields including biomedicine research [18, 39]. By contrast, the KNN
approach is an instance-based method. The classification of a query sample is determined on
the basis of the instances in the storage database. The KNN method is similar to decision-mak-
ing in clinical practice, where previous experiences and data are essential. Moreover, it also
resembles the identification of bacterial species by Biotyper, which a bacteria database is neces-
sary for the identification.

It was reported that the difference among the MALDI-TOF spectra of bacteria is subtle at
the subspecies level [15, 37]. To learn from spectra, information from more than single peaks
should be collected [6, 13, 15, 37, 40]. For example, the intensity data of peaks provide infor-
mation about the protein expression level of S. aureus. Data including m/z values and their
corresponding intensity generate more accurate ST typing models. As illustrated in Fig 3, the
intensity differences for peaks at 4074, 4813, and 6550 m/z provided more clues in differentiat-
ing various ST types. To discriminate various ST types, the effects of multiple features on clas-
sification were investigated. Fig 3 has presented that the isolates of various ST types, except
ST45, could be discriminated with relatively high accuracy according to the intensities of
peaks at 4074, 4813, and 6550 m/z. When all nine features from the DT structure were selected
in PCA (Fig 4), similar results were attained. These investigations have preliminarily demon-
strated that the various ST types of MRSA are separable. ML methods were introduced to facil-
itate higher and systemic classification performance.

Several limitations should be acknowledged. The composition of the microbial strain may
predefine the performance of subspecies classification. The performance of strain typing may
be possibly compromised due to a complicated composition. In this study, we aimed to
develop a framework of applying machine learning method in analysis of MALDI-TOF spec-
tra. We used MRSA for demonstrating the performance of the proposed methodology. The
essential feature identified in this study may be not generalized in other area or country. By
contrast, a different laboratory may be able to construct a useful typing model by using the
proposed methodology to analyze their locally relevant data. To address the issue of microbial
strain composition, we also performed spa typing and SCCmec typing for each strain. The
result revealed a diverse distribution of the microbial strain over ST types, spa types & SCCmec
types (S3 Fig). Specifically, ST45 & ST59 strains revealed a relative trend of diverse composi-
tion, while ST5 & ST239 showed a relative trend of clustering. For the ST59 classifiers, how-
ever, the performances were not much compromised than those of ST5 or ST239 (Table 1).
Besides, the reproducibility of spectra is also a crucial issue when applying MALDI-TOF spec-
tra for bacterial typing [3, 5, 6, 9]. High inter-laboratory reproducibility has been reported for
identification at the genus or species level. For typing at the strain level, reproducibility is even
more crucial. The variance between batches should be limited to less than the spectral differ-
ence between strains. Various factors affect the reproducibility of spectra, including the speci-
men type, sample processing, growth stage, culture media, culture condition, and sample
deposition on the target plate [1, 6, 9, 13, 40]. High fidelity of spectra can be assured only when
all of these factors are well qualified. However, no standard protocol has been proposed for
strain typing by using MALDI-TOF spectra. Moreover, the standard protocol may be opti-
mized and specified for each species to obtain robust strain typing performance [5, 6, 9, 40]. In
our laboratory, the College of American Pathologists proficiency test has been conducted for
years to accredit the performance of all personnel and tests. Thus, on this basis, DT, SVM, and
KNN ML models were developed to optimize the interpretation of MALDI-TOF mass spectra
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for MRSA strain typing. Generally, the binary classification ML models exhibited a high per-
formance level, particularly the SVM models. The accuracy of multiclass classification ML
models was approximately 85%. For binary or multiclass classification, the SVM method was
generally the most robust ML method in this study (Tables 1 and 2).

Conclusion

The analysis of MALDI-TOF spectra by using various ML methods exhibited high perfor-
mance for MRSA strain typing. A presumptive strain typing result could be provided a couple
of days earlier before confirming the test results. Subsequently, this strain typing result may
benefit infection control or epidemiological investigation in near real time. The promising fea-
tures include rapidity, cost-effectiveness, objectiveness, and accuracy. On the basis of our
results, a standardized protocol should be developed to optimize ML-based microorganism

strain typing.

Supporting information

S1 Fig. (a) Detail processes of generating the type templates; (b) Detail processes of using
the type templates to generate an integrated vector.
(DOCX)

S2 Fig. The framework of ML models training and validation.
(DOCX)

S3 Fig. Diversity of the isolates.
(DOCX)

Acknowledgments

We would like to thank Academic Editor K. Becker and reviewers’ efforts and time for improv-
ing this work.

Author Contributions

Data curation: Hsin-Yao Wang, Tsui-Ping Liu, Yung-Ta Chang.

Formal analysis: Hsin-Yao Wang, Yi-Ju Tseng, Tsui-Ping Liu, Kai-Yao Huang.
Investigation: Hsin-Yao Wang, Tzong-Yi Lee, Yi-Ju Tseng, Tsui-Ping Liu, Jang-Jih Lu.

Methodology: Hsin-Yao Wang, Tzong-Yi Lee, Kai-Yao Huang, Chun-Hsien Chen, Jang-Jih
Lu

Project administration: Tzong-Yi Lee, Jang-Jih Lu.

Supervision: Tzong-Yi Lee, Chun-Hsien Chen, Jang-Jih Lu.
Visualization: Tsui-Ping Liu.

Writing - original draft: Yi-Ju Tseng, Chun-Hsien Chen, Jang-Jih Lu.

Writing - review & editing: Tzong-Yi Lee.

References

1. Mather CA, Werth BJ, Sivagnanam S, SenGupta DJ, Butler-Wu SM. Rapid Detection of Vancomycin-
Intermediate Staphylococcus aureus by Matrix-Assisted Laser Desorption lonization-Time of Flight

PLOS ONE | https://doi.org/10.1371/journal.pone.0194289 March 13,2018 13/16


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0194289.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0194289.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0194289.s003
https://doi.org/10.1371/journal.pone.0194289

@° PLOS | ONE

Strain typing of methicillin-resistant Staphylococcus aureus

10.

11.

12.

13.

14.

15.

16.

17.

Mass Spectrometry. Journal of clinical microbiology. 2016; 54(4):883—-90. https://doi.org/10.1128/JCM.
02428-15 PMID: 26763961.

Daum RS. Clinical practice. Skin and soft-tissue infections caused by methicillin-resistant Staphylococ-
cus aureus. The New England journal of medicine. 2007; 357(4):380-90. Epub 2007/07/27. https://doi.
org/10.1056/NEJMcp070747 PMID: 17652653.

Wolters M, Rohde H, Maier T, Belmar-Campos C, Franke G, Scherpe S, et al. MALDI-TOF MS finger-
printing allows for discrimination of major methicillin-resistant Staphylococcus aureus lineages. Interna-
tional Journal of Medical Microbiology. 2011; 301(1):64-8. https://doi.org/10.1016/}.jmm.2010.06.002
PMID: 20728405.

Clerc O, Prod’hom G, Senn L, Jaton K, Zanetti G, Calandra T, et al. Matrix-assisted laser desorption
ionization time-of-flight mass spectrometry and PCR-based rapid diagnosis of Staphylococcus aureus
bacteraemia. Clinical Microbiology and Infection. 2014; 20(4):355-60. https://doi.org/10.1111/1469-
0691.12329 PMID: 23991748.

Walker J, Fox AJ, Edwards-Jones V, Gordon DB. Intact cell mass spectrometry (ICMS) used to type
methicillin-resistant Staphylococcus aureus: media effects and inter-laboratory reproducibility. Journal
of microbiological methods. 2002; 48(2—-3):117-26. https://doi.org/10.1016/S0167-7012(01)00316-5
PMID: 11777562

Sandrin TR, Goldstein JE, Schumaker S. MALDI TOF MS profiling of bacteria at the strain level: A
review. Mass spectrometry reviews. 2013; 32(3):188-217. https://doi.org/10.1002/mas.21359 PMID:
22996584.

Camoez M, Sierra JM, Dominguez MA, Ferrer-Navarro M, Vila J, Roca |. Automated categorization of
methicillin-resistant Staphylococcus aureus clinical isolates into different clonal complexes by MALDI-
TOF mass spectrometry. Clinical microbiology and infection: the official publication of the European
Society of Clinical Microbiology and Infectious Diseases. 2016; 22(2):161 e1-7. https://doi.org/10.1016/
j.cmi.2015.10.009 PMID: 26482268.

Struelens MJ, Hawkey PM, French GL, Witte W, Tacconelli E. Laboratory tools and strategies for methi-
cillin-resistant Staphylococcus aureus screening, surveillance and typing: state of the art and unmet
needs. Clinical microbiology and infection: the official publication of the European Society of Clinical
Microbiology and Infectious Diseases. 2009; 15(2):112—-9. Epub 2009/03/18. https://doi.org/10.1111/j.
1469-0691.2009.02698.x PMID: 19291142.

Croxatto A, Prod’hom G, Greub G. Applications of MALDI-TOF mass spectrometry in clinical diagnostic
microbiology. FEMS microbiology reviews. 2012; 36(2):380—407. https://doi.org/10.1111/j.1574-6976.
2011.00298.x PMID: 22092265.

Patel R. MALDI-TOF MS for the diagnosis of infectious diseases. Clinical chemistry. 2015; 61(1):100—
11. Epub 2014/10/04. https://doi.org/10.1373/clinchem.2014.221770 PMID: 25278500.

Nomura F. Proteome-based bacterial identification using matrix-assisted laser desorption ionization—
time of flight mass spectrometry (MALDI-TOF MS): A revolutionary shift in clinical diagnostic microbiol-
ogy. Biochimica et Biophysica Acta (BBA)—Proteins and Proteomics. 2015; 1854(6):528—-37. https://
doi.org/10.1016/j.bbapap.2014.10.022 PMID: 25448014,

Angeletti S. Matrix assisted laser desorption time of flight mass spectrometry (MALDI-TOF MS) in clini-
cal microbiology. Journal of microbiological methods. 2017; 138:20-9. https://doi.org/10.1016/j.mimet.
2016.09.003 PMID: 27613479.

Josten M, Reif M, Szekat C, Al-Sabti N, Roemer T, Sparbier K, et al. Analysis of the Matrix-Assisted
Laser Desorption lonization-Time of Flight Mass Spectrum of Staphylococcus aureus Identifies Muta-
tions That Allow Differentiation of the Main Clonal Lineages. Journal of clinical microbiology. 2013; 51
(6):1809-17. https://doi.org/10.1128/JCM.00518-13 PMID: 23554199.

Cox CR, Jensen KR, Saichek NR, Voorhees KJ. Strain-level bacterial identification by CeO2-catalyzed
MALDI-TOF MS fatty acid analysis and comparison to commercial protein-based methods. Scientific
Reports. 2015; 5:10470. https://doi.org/10.1038/srep10470 PMID: 26190224,

Lasch P, Fleige C, Stammler M, Layer F, Nubel U, Witte W, et al. Insufficient discriminatory power of

MALDI-TOF mass spectrometry for typing of Enterococcus faecium and Staphylococcus aureus iso-
lates. Journal of microbiological methods. 2014; 100:58-69. https://doi.org/10.1016/j.mimet.2014.02.
015 PMID: 24614010.

Wang YR, Chen Q, Cui SH, Li FQ. Characterization of Staphylococcus aureus isolated from clinical
specimens by matrix assisted laser desorption/ionization time-of-flight mass spectrometry. Biomedical
and environmental sciences: BES. 2013; 26(6):430-6. https://doi.org/10.3967/0895-3988.2013.06.003
PMID: 23816576.

Shah HN, Rajakaruna L, Ball G, Misra R, Al-Shahib A, Fang M, et al. Tracing the transition of methicillin
resistance in sub-populations of Staphylococcus aureus, using SELDI-TOF Mass Spectrometry and

PLOS ONE | https://doi.org/10.1371/journal.pone.0194289 March 13,2018 14/16


https://doi.org/10.1128/JCM.02428-15
https://doi.org/10.1128/JCM.02428-15
http://www.ncbi.nlm.nih.gov/pubmed/26763961
https://doi.org/10.1056/NEJMcp070747
https://doi.org/10.1056/NEJMcp070747
http://www.ncbi.nlm.nih.gov/pubmed/17652653
https://doi.org/10.1016/j.ijmm.2010.06.002
http://www.ncbi.nlm.nih.gov/pubmed/20728405
https://doi.org/10.1111/1469-0691.12329
https://doi.org/10.1111/1469-0691.12329
http://www.ncbi.nlm.nih.gov/pubmed/23991748
https://doi.org/10.1016/S0167-7012(01)00316-5
http://www.ncbi.nlm.nih.gov/pubmed/11777562
https://doi.org/10.1002/mas.21359
http://www.ncbi.nlm.nih.gov/pubmed/22996584
https://doi.org/10.1016/j.cmi.2015.10.009
https://doi.org/10.1016/j.cmi.2015.10.009
http://www.ncbi.nlm.nih.gov/pubmed/26482268
https://doi.org/10.1111/j.1469-0691.2009.02698.x
https://doi.org/10.1111/j.1469-0691.2009.02698.x
http://www.ncbi.nlm.nih.gov/pubmed/19291142
https://doi.org/10.1111/j.1574-6976.2011.00298.x
https://doi.org/10.1111/j.1574-6976.2011.00298.x
http://www.ncbi.nlm.nih.gov/pubmed/22092265
https://doi.org/10.1373/clinchem.2014.221770
http://www.ncbi.nlm.nih.gov/pubmed/25278500
https://doi.org/10.1016/j.bbapap.2014.10.022
https://doi.org/10.1016/j.bbapap.2014.10.022
http://www.ncbi.nlm.nih.gov/pubmed/25448014
https://doi.org/10.1016/j.mimet.2016.09.003
https://doi.org/10.1016/j.mimet.2016.09.003
http://www.ncbi.nlm.nih.gov/pubmed/27613479
https://doi.org/10.1128/JCM.00518-13
http://www.ncbi.nlm.nih.gov/pubmed/23554199
https://doi.org/10.1038/srep10470
http://www.ncbi.nlm.nih.gov/pubmed/26190224
https://doi.org/10.1016/j.mimet.2014.02.015
https://doi.org/10.1016/j.mimet.2014.02.015
http://www.ncbi.nlm.nih.gov/pubmed/24614010
https://doi.org/10.3967/0895-3988.2013.06.003
http://www.ncbi.nlm.nih.gov/pubmed/23816576
https://doi.org/10.1371/journal.pone.0194289

@° PLOS | ONE

Strain typing of methicillin-resistant Staphylococcus aureus

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Artificial Neural Network Analysis. Systematic and applied microbiology. 2011; 34(1):81-6. https://doi.
org/10.1016/j.syapm.2010.11.002 PMID: 21257279.

Wang H-Y, Hsieh C-H, Wen C-N, Wen Y-H, Chen C-H, Lu J-J. Cancers Screening in an Asymptomatic
Population by Using Multiple Tumour Markers. PloS one. 2016; 11(6):€0158285. https://doi.org/10.
1371/journal.pone.0158285 PMID: 27355357

Yu KH, Zhang C, Berry GJ, Altman RB, Re C, Rubin DL, et al. Predicting non-small cell lung cancer
prognosis by fully automated microscopic pathology image features. Nat Commun. 2016; 7:12474.
https://doi.org/10.1038/ncomms12474 PMID: 27527408.

Wan XB, Zhao Y, Fan XJ, Cai HM, Zhang Y, Chen MY, et al. Molecular prognostic prediction for locally
advanced nasopharyngeal carcinoma by support vector machine integrated approach. PloS one. 2012;
7(3):€31989. hitps://doi.org/10.1371/journal.pone.0031989 PMID: 22427815.

Cruz JA, Wishart DS. Applications of machine learning in cancer prediction and prognosis. Cancer
Informatics. 2006; 2:59-77. Epub 2007/01/01. PMID: 19458758.

Sauget M, Valot B, Bertrand X, Hocquet D. Can MALDI-TOF Mass Spectrometry Reasonably Type
Bacteria? Trends Microbiol. 2017. https://doi.org/10.1016/j.tim.2016.12.006 PMID: 28094091.

Enright MC, Day NP, Davies CE, Peacock SJ, Spratt BG. Multilocus sequence typing for characteriza-
tion of methicillin-resistant and methicillin-susceptible clones ofStaphylococcus aureus. Journal of clini-
cal microbiology. 2000; 38(3):1008—15. PMID: 10698988

Alsheikh MA, Lin S, Niyato D, Tan H-P. Machine learning in wireless sensor networks: Algorithms, strat-
egies, and applications. IEEE Communications Surveys & Tutorials. 2014; 16(4):1996-2018.

Hall M, Frank E, Holmes G, Pfahringer B, Reutemann P, Witten IH. The WEKA data mining software:
an update. ACM SIGKDD explorations newsletter. 2009; 11(1):10-8.

Varma S, Simon R. Bias in error estimation when using cross-validation for model selection. BMC bioin-
formatics. 2006; 7:91. https://doi.org/10.1186/1471-2105-7-91 PMID: 16504092.

Krstajic D, Buturovic LJ, Leahy DE, Thomas S. Cross-validation pitfalls when selecting and assessing
regression and classification models. J Cheminform. 2014; 6(1):10. https://doi.org/10.1186/1758-2946-
6-10 PMID: 246789009.

Chang C-C, Lin C-J. LIBSVM: a library for support vector machines. ACM Transactions on Intelligent
Systems and Technology (TIST). 2011; 2(3):27.

Hsu CW, Chang CC, Lin CJ. A practical guide to support vector classification. Tech rep, Department of
Computer Science, National Taiwan University. 2010.

Kumari B, Kumar R, Kumar M. PalmPred: an SVM based palmitoylation prediction method using
sequence profile information. PloS one. 2014; 9(2):e89246. https://doi.org/10.1371/journal.pone.
0089246 PMID: 24586628.

Lu CT, Chen SA, Bretana NA, Cheng TH, Lee TY. Carboxylator: incorporating solvent-accessible sur-
face area for identifying protein carboxylation sites. Journal of computer-aided molecular design. 2011;
25(10):987-95. https://doi.org/10.1007/s10822-011-9477-2 PMID: 220384 16.

Lee TY, Chen SA, Hung HY, Ou YY. Incorporating distant sequence features and radial basis function
networks to identify ubiquitin conjugation sites. PloS one. 2011; 6(3):e17331. https://doi.org/10.1371/
journal.pone.0017331 PMID: 21408064.

Chang WC, Lee TY, Shien DM, Hsu JB, Horng JT, Hsu PC, et al. Incorporating support vector machine
for identifying protein tyrosine sulfation sites. Journal of computational chemistry. 2009; 30(15):2526—
37. https://doi.org/10.1002/jcc.21258 PMID: 19373826.

Wong YH, Lee TY, Liang HK, Huang CM, Wang TY, Yang YH, et al. KinasePhos 2.0: a web server for
identifying protein kinase-specific phosphorylation sites based on sequences and coupling patterns.
Nucleic acids research. 2007; 35(Web Server issue):W588-94. https://doi.org/10.1093/nar/gkm322
PMID: 17517770.

Wang H, Huang G. Application of support vector machine in cancer diagnosis. Medical oncology. 2011;
28 Suppl 1:5613-8. https://doi.org/10.1007/s12032-010-9663-4 PMID: 20842538.

Feil EJ, Nickerson EK, Chantratita N, Wuthiekanun V, Srisomang P, Cousins R, et al. Rapid Detection
of the Pandemic Methicillin-Resistant Staphylococcus aureus Clone ST 239, a Dominant Strain in Asian
Hospitals. Journal of clinical microbiology. 2008; 46(4):1520-2. https://doi.org/10.1128/JCM.02238-07
PMID: 18234867

Karlsson R, Davidson M, Svensson-Stadler L, Karlsson A, Olesen K, Carlsohn E, et al. Strain-Level
Typing and Identification of Bacteria Using Mass Spectrometry-Based Proteomics. Journal of proteome
research. 2012; 11(5):2710-20. Epub 2012/03/29. https://doi.org/10.1021/pr2010633 PMID:
22452665.

Guyon |, Elisseeff A. An introduction to variable and feature selection. Journal of machine learning
research. 2003; 3(Mar):1157-82.

PLOS ONE | https://doi.org/10.1371/journal.pone.0194289 March 13,2018 15/16


https://doi.org/10.1016/j.syapm.2010.11.002
https://doi.org/10.1016/j.syapm.2010.11.002
http://www.ncbi.nlm.nih.gov/pubmed/21257279
https://doi.org/10.1371/journal.pone.0158285
https://doi.org/10.1371/journal.pone.0158285
http://www.ncbi.nlm.nih.gov/pubmed/27355357
https://doi.org/10.1038/ncomms12474
http://www.ncbi.nlm.nih.gov/pubmed/27527408
https://doi.org/10.1371/journal.pone.0031989
http://www.ncbi.nlm.nih.gov/pubmed/22427815
http://www.ncbi.nlm.nih.gov/pubmed/19458758
https://doi.org/10.1016/j.tim.2016.12.006
http://www.ncbi.nlm.nih.gov/pubmed/28094091
http://www.ncbi.nlm.nih.gov/pubmed/10698988
https://doi.org/10.1186/1471-2105-7-91
http://www.ncbi.nlm.nih.gov/pubmed/16504092
https://doi.org/10.1186/1758-2946-6-10
https://doi.org/10.1186/1758-2946-6-10
http://www.ncbi.nlm.nih.gov/pubmed/24678909
https://doi.org/10.1371/journal.pone.0089246
https://doi.org/10.1371/journal.pone.0089246
http://www.ncbi.nlm.nih.gov/pubmed/24586628
https://doi.org/10.1007/s10822-011-9477-2
http://www.ncbi.nlm.nih.gov/pubmed/22038416
https://doi.org/10.1371/journal.pone.0017331
https://doi.org/10.1371/journal.pone.0017331
http://www.ncbi.nlm.nih.gov/pubmed/21408064
https://doi.org/10.1002/jcc.21258
http://www.ncbi.nlm.nih.gov/pubmed/19373826
https://doi.org/10.1093/nar/gkm322
http://www.ncbi.nlm.nih.gov/pubmed/17517770
https://doi.org/10.1007/s12032-010-9663-4
http://www.ncbi.nlm.nih.gov/pubmed/20842538
https://doi.org/10.1128/JCM.02238-07
http://www.ncbi.nlm.nih.gov/pubmed/18234867
https://doi.org/10.1021/pr2010633
http://www.ncbi.nlm.nih.gov/pubmed/22452665
https://doi.org/10.1371/journal.pone.0194289

o @
@ : PLOS | ONE Strain typing of methicillin-resistant Staphylococcus aureus

39. Noble WS. What is a support vector machine? Nat Biotech. 2006; 24(12):1565-7.

40. Rajakaruna L, Hallas G, Molenaar L, Dare D, Sutton H, Encheva V, et al. High throughput identifica-
tion of clinical isolates of Staphylococcus aureus using MALDI-TOF-MS of intact cells. Infection,
Genetics and Evolution. 2009; 9(4):507-13. https://doi.org/10.1016/j.meegid.2009.01.012 PMID:
19460316.

PLOS ONE | https://doi.org/10.1371/journal.pone.0194289 March 13,2018 16/16


https://doi.org/10.1016/j.meegid.2009.01.012
http://www.ncbi.nlm.nih.gov/pubmed/19460316
https://doi.org/10.1371/journal.pone.0194289

