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Staphylococcus haemolyticus is one of the most signi cant coagulase-negative
staphylococci, and it often causes severe infections. Ragistrain typing of pathogenic
S. haemolyticus is indispensable in modern public health infectious diseas control,

facilitating the identi cation of the origin of infectionsto prevent further infectious
outbreak. Rapid identi cation enables the effective conwl of pathogenic infections,

which is tremendously bene cial to critically ill patientsHowever, the existing strain typing
methods, such as multi-locus sequencing, are of relativeljtligh cost and comparatively
time-consuming. A practical method for the rapid strain typmg of pathogens, suitable for
routine use in clinics and hospitals, is still not availabl&atrix-assisted laser desorption
ionization-time of ight mass spectrometry combined with nachine learning approaches
is a promising method to carry out rapid strain typing. In tisi study, we developed a
statistical test-based method to determine the reference gectrum when dealing with

alignment of mass spectra datasets, and constructed machia learning-based classi ers
for categorizing different strains 0. haemolyticus The area under the receiver operating
characteristic curve and accuracy of multi-class predictins were 0.848 and 0.866,

respectively. Additionally, we employed a variety of statical tests and feature-selection
strategies to identify the discriminative peaks that can dastantially contribute to strain
typing. This study not only incorporates statistical tesbased methods to manage the

alignment of mass spectra datasets but also provides a pradtal means to accomplish

rapid strain typing ofS. haemolyticus
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INTRODUCTION With the rapid advancements in articial intelligence,
machine learning-based methods have been implemented to
Staphylococcus haemolyticiss one of the most signicant identify classiers when facing such classication problems
species among the coagulase-negative staphylococci (CoN@jather et al., 2016; Wang et al., 20).8More speci cally,
whose main ecological niches are skin and the human anghe logistic regression (LR), support vector machine (SVM),
animal mucous membranesBécker et al., 20)4 They are the decision tree (DT), the random forest (RF), and k-nearest
often the causative agents of septicemia, peritonitis,sptéhd  neighbor (KNN) approaches have been widely implemented to
urinary tract infections. In particular, the multidrug resance, puild classi er model systems. In recent years, the application
the early acquisition of resistance to methicillin, and vas  of machine learning-based methods in the eld of medicine
glycopeptide antibiotics by this species has troubled patientgas received considerable attention, and several studige h
for many years roggatt et al., 1989; Hiramatsu, 1998train  demonstrated that the use of arti cial intelligence to aye
typing of pathogenicS. haemolyticuforms an important part complex data in medical practice is apposite and promising
of the response to modern public health infectious diseasgshameer et al., 2018; Hannun et al., 208peci cally, machine
outbreaks flacCannell, 2013 For example, an outbreak of |earning-based classiers allowing professional diagnasfis
S. haemolyticutiad been reported to be the cause of burnretinopathy (Gulshan et al., 20)6 can be used to analyze
wound infections after a serious explosion event in Taiwarelectrocardiography dataHannun et al., 2019 and have been
during June 2015v@n Duin et al.,, 2016; Chang et al., 2D18 ysed to predict the prognoses of diseasé&i(g et al., 2016;
Rapid typing ofS. haemolyticufacilitates the identi cation of vy et al., 2016: Lin et al., 201.8n addition to image analysis,
the Origin of infeCtion, and allows rapid infection controlhen app|y|ng machine |earning_based methods to proteomic Studies
patients are critically ill. Consequently, a cost e ectivelaapid  speci cally MALDI-TOF MS investigations, has assisted in
identi cation strategy that targets strain typing issuesssential attaining high accuracy in strain type prediction and/or $tra
and needs to be incorporated in routine clinical microbiojog antibiotic resistance\f/ang et al., 2018a,t),dMachine learning-
laboratory practices. based methods are able to utilize the signal intensitiepediscc
Whole-cell matrix-assisted laser desorption ionizationé peaks in their predictions, and this provides additional andreno
of ight mass spectrometry (MALDI-TOF MS) is widely improved information than those obtained by the traditional
used in clinical minObiO'Ogy laboratories worldwide. Ths method based on the presence or absence of pmker
because MALDI-TOF MS allows rapid, reliable, and costet al., 2002; Wolters et al., 2011; Lasch et al.,)20i4addition
e ective identi cation of bacterial speciesV(ioni et al., 2018; to providing robust prediction accuracy, machine |earning-
Wang et al., 201§cThe MALDI-TOF mass spectrum contains pased methods, when analyzing MALDI-TOF MS, are also able
extensive information regarding the matter that consw@sit to generate sets of discriminative peaks that are essenfial f
microorganisms. In addition to the identi cation of bactet  accurate prediction. These speci ¢ sets of discriminativekpea
species, MALDI-TOF MS has the potential to allow straincan be used to pinpoint the possible combinations of molecules
typing and/or antibiotic resistance pro ling with high accatcy  that are responsible for the various strain types and the tiaria
when machine learning methods are also implementew{atio  in drug resistance pro les\(rioni et al., 2013,
et al., 2012; Mather et al., 20l16Compared to the other  As mentioned previously, slight di erences in MALDI-TOF
strain typing methods, such as pulse-eld gel electrophoresigs results among di erent strains should be considered ciitica
and multi-locus sequence typing (MLST), analysis by MALDI-n preprocessing the spectral data. Speci cally, the detertisina
TOF MS to determine strain type is advantageous owing to it§r extraction of representative features is essential befor
lower cost and rapid turn-around-timeV{ang et al., 2019b  constructing the classi ers. Yet, little research is beifmne
Strain typing via MALDI-TOF MS is promising; however, to develop a de nitive strategy to solve such issues, not to
the subtle di erences in MALDI-TOF MS spectra of di erent mention incorporating statistical tests. In this study, westr
strains has hindered the introduction of this type of analysisjeveloped a statistical test-based strategy for dealiniy thi
in a clinical context in the absence of incorporation of glignment issue for the MALDI-TOF MS according to the mass-
computational methods Sandrin et al., 2013; Camoez et al.to-charge ratio (m/z) values, and further considered thenaig
2019. Numerous methods have been developed in recent yeajistensity to construct the classi cation models. Various chane
to overcome this drawback in strain typing by MALDI-TOF |earning algorithms were trained and validated with the aim
spectrum analysis. The visual examination of a MALDI-TOFof discriminating the ST3, ST42, and various other STSof
pseudo-gel or spectrum to pinpoint strain-speci c peaks hashaemolyticusWe also investigated the discriminative peaks that
been implemented by some research groupgolfers et al., are central to strain typing o. haemolyticusith MALDI-TOF
2011; Josten et al., 201%¥isual examination of the MALDI- MS. This approach will not only be bene cial in rapid outbreak
TOF MS is easy in practice, but the analytical accuracy igontrol for S. haemolyticumfection but also provide a de nite

highly dependent on the operator. Inter-batch and/or intra- strategy for preprocessing the spectral data.
batch analytical variation is extremely likely. Moreovasual

examination of a MALDI-TOF MS or pseudo-gel is labor-

intensive. Analyzing complex proteomicp data, guch as thoslé/IATERIALS AND METHODS

obtained by MALDI-TOF MS, by visual examination often doesBgcterial Isolates

not attain the appropriate level of precision, adequate objégti A total of 254 uniqueS. haemolyticlisolates had been collected
and/or a high enough throughput. at Chang Gung Memorial Hospital, Linkou branch, Taiwan. The
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period of collection was between June and November 2015, whidS Data Preprocessing for Classi ers

was the period when a signi cant number of burn patients wereConstruction

admitted to the hospital. The isolates were stored @0 C until  geveral computational tools have been developed for the
use. This was a retrospective study investigating the eslati preprocessing and extraction of features from MS dat@iig
between MS spectrum and microbial strain typing. No diagnosig; 5., 2005; Mantini et al., 2007; Gibb and Strimmer, 3012
or treatment was involved by the study. Waiver of informedpore speci cally, spectral data preprocessing would transform
consent was approved by the Institutional Review Board 0f set of raw spectra into a numerical table which include
Chang Gung Medical Foundation (No. 201600049B0). mass-to-charge (m/z) states with associated intensityefmh
isolate. Generally, m/z values with adequate intensities a
. considered as the ngerprint signatures when using spectral
Analyt'cal Measurement of MALDI'T_OF MS data, and these can be extracted to build up models for
To carry out the analysis, we cultivated the isolates on #l00jsqriminating di erent subgroups. Note that a peak has an m/z
agar plates (Becton Dickinson, MD, USA) initially in a batchy 41 e As a result, a valuable analysis would highly depend on

manner. The isolates were cultured in 5% £@cubator for  yhe apnropriate use of preprocessing techniques. The MS data
16h. We then conducted the analytical measurements reduiryerived from FlexAnalysis 3.3 were of high quality, but their

for MALDI-TOF MS following manufacturers instructions. Bt o5 1ting peaks were not aligned within the dataset. Meareyhil
we picked a single colony from a blood agar plate and spreagle aforementioned tools lack of specic information about
it onto a steel target plate as a thin Im (Bruker Daltonik e reference spectrum when implementing the alignment of
GmbH, Bremen, Germany). Ot of 70% formic acid (Bruker neays Therefore, we developed a statistical test-based dfetho

Daltonik GmbH, Bremen, Germany) was then applied onto theyeermining the reference spectrum within a given datasemnt
steel target plate followed by drying in room air. On¢ of ¢ ther realizing the alignment of the peaks.

matrix solution (Bruker Daltonik GmbH, Bremen, Germany)  the reference spectrum should be capable of discriminating

was then added. After the sample preprocessing, a MicroFlex ldenyeen di erent subgroups within a dataset. Consequentty, w
mass spectrometer (Bruker Daltonik GmbH, Bremen, Germanypnaimy focused on determining what pattern of peaks in the

using a linear positive modellwas used'for data acquisition. F reterence spectrum can indicate the di erences among di erent
each b_atch, a Bruker Daltonics Bacterial test standard K@&ru groups in this study. For each spectrum, we rst rounded each
Daltonik GmbH, Bremen, Germany) was analyzed to allowy; yajye to the nearest whole number, and then all peaks that
calibration. The sampling setting of the laser shot was 24ssh ¢y rred were used to form a set of named candidate peaks set
(20Hz) for each isolate. The MALDI-TOF MS spectra Wergcps). The peaks in CPS were then sorted into ascending order.
analyzed using Biotyper 3.1 software (Bruker Daltonik GmbHpgier 4 tolerance value is suggested, each adjacent peak@PtBe
Bremen, Germany). The analytical range of each SPectrufg gjther lower than oris equal to the given tolerance vahusuch

was 2,000-20,000 m/B. haemolyticusdenti cation was Set  ¢ireymstances, the one with the higher di erence in occugin

at high condence (score> 2 in the reports of BiOtyper |4iq s retained. The di erence in occurring ratio for mi2 k, in
3.1 software). Furthermore, FlexAnalysis 3.3 (Bruker @8k  poiton (Da), is de ned below.

GmbH, Bremen, Germany) was also implemented to acquire

the numerical spectra data which derived from MALDI-TOF

MS. Speci cally, the original signals were smoothed by Sayitz 1.Xy Xo. .X1 X3. __.X2 X3,

Golay algorithm and their baselines were subtracted by dipe t D D §fj n rTzl CJ n rT3] c n, n7319’

hat method. Meanwhile, some thresholds that were adopted

to extract reasonable peaks were setup as explained belamtere x;, xo, and x3 are the counts that are aligned to m/z

signal-to-noise ratio was 2, relative intensity and minimu D k, and nq, ny, and n3 are the number of isolates for ST3,

intensity were both 0, maximal number of peaks was 2005742, and other ST types, respectively. For example, suppose

peak width was 6, and height was 80%. On the basis of th@at the tolerance value is 1 Da, and the AP$2428 Da, 2429

single measurements, we hypothesized that strain typin§.of Da, 2435 Da, 2436 Da, 2437 Da, 2450 Da) Wifhog D 0.053,

haemolyticuss possible when the variability issue is handledD,4,9 D 0.090,D2435 D 0.080,D2436 D 0.094,D2437 D 0.076,

using information engineering technology. andD450D 0.120, then the nal m/z values, 2429 Da, 2436 Da,
and 2450 Da, are then used to create the representative peaks se

. . (RPS), which has an ascending order. In other words, the RPS

Multilocus Sequence Typing of is the reference spectrum and feature set used to construct the

S. haemolyticus classi cation models.

We de ned the strain typing ofS. haemolyticuby sequencing To analyze the common peaks across the datasets given

seven housekeeping genes, nanely SH1200 hemH leuB  in this study, we employed Fishers exact testymond and

SH143]1 cfxE and RiboseABC(Panda et al., 20)6 The Rousset, 199530 determine a tolerance value for constructing

sequencing results of these genes were used to assigntiemseq the RPS due to relatively small sample sizes. For each toéeranc

types ofS. haemolyticuiroughout the present analysis using thevalue, there are threp-values determined by comparing ST3

MLST database (https://pubmist.org/shaemolyticus/) powerednd ST42, ST3 and other ST types, and ST42 and other ST

by the BIGSdb genomics platformdlley et al., 20)8 types. As mentioned previously, the reference spectrum should
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be capable of discriminating between di erent subgroups withi regularization is able to deal with this. Hence the MLR model ¢
a dataset, and the tolerance value could be adopted accordibg obtained by maximizing the penalized log-likelihood

to its ability of separating these three groups. Therefore, th

tolerance value was selected based on the obtained reéerenc

spectrum that would produce the largest number mfalues max fix\‘ logpg (x) P ()

that were less than 0.001. We then further adopted the repeated f g jd<2rKec) N o1 9Pg (X o1 19

5-fold cross validation to demonstrate the e ciency of the !

determined tolerance value. Note that the determinatiolC&fS herep(x) D PG D jjx), andg (L, 2, ...,K) is the

and RPS was based on the training data when the repeated 5-fc}’YH response. Therefore, MLR-based classi ers are able to be

cross validation was used. In other words, the repeateddS-folcons,[ructeol by adopting this package.

cross \_/alldatlon was implemented here to _S|mulate an __externa The SVM classi er was built using the 1071 packagjesig
validation for evaluation of the performance in the deteriaiiion

of the reference spectrum. The owchart of preprocessing
shown inFigure 1

After determining the RPS, the alignment of the m/z with
intensity is another critical part of the process, whereby th

tsrt]rength of sgnal at a.‘t.SpetC' (.: ?éz IS dt(ejt't[ermlned.ﬂ;l'hergfme, the presence of three classes. More precisely, the trainingvdata
eseclreumsiances, itis straightiorward 1o move tne SpavE. —\seq 1 form theith andjth classes and was able to deal with the

value (_)f an isolate to the closest one in the RPS. As the t_OIeranff)IIowing two-class classi cation problem.
value increases, more than one m/z values might be aligned to

the same speci ¢ m/z in the RPS. In this situation, the intensit

with the minimum distance between its own m/z and the speci ¢ f} Wiy Twi ¢ CX i
m/z, is preserved. Hence, duplication problems can be solved. Wﬂﬁx ij 2( ) (")o
For instance, if both m/2 2530 Da and m/D 2535 Da in a !
spectrum are aligned to 2532 Da, which is a member of the RPS, gypject to

the intensity of the m/ZD 2530 Da is used for representing the

strength of signal at 2532 D8upplementary Figure llustrates (Wij)T xObl 1
how this alignment takes place.

.and Lin, 201). In this package, the multi-class problem is
I?;1pproached via the “one-against-one” approa&mdrr et al.,
1990. Consequently, there ar&(K-1)/2 classiers that are
needed to be constructed fét classes. In this study, the SVM-
%ased classi er was required to construct three classi ers tu

i if % in theith class,
@) ()bl 1C i ifx inthejth class,

Development of Machine Learning-Based i o

Classi ers
In this study, we implemented four machine learning methods;
multiple logistic regression (MLR), support vector machine
(SVM) learning, decision tree (DT) learning, and random feire
(RF) learning, to construct the strain type classiers 8t

haemolyticususing R software (version 3.5.1, R Foundatio

for Statistical Computing, https://www.r-project.org/). MLiRa The DT-based classier was implemented using the caret

basic parametric model used in dealing with the present types ﬁrfeC kz%ia-(heemgﬁj arr]gvi?ézlrz:slggs,i sgt%fr?far?d ripfecslsciglrlr)sl',[ree
classi cation problems. The primary objective of SVMis to nd P 9 yp 9

a hyperplane that is able to segregate di erent classes of ddta (CART). Furthermore, the randomForest packageéa(y and

therefore it is commonly used to solve classi cation probiemaWiener’ 200y.0f R was also employed in this study to construct

DT and RF are both non-parametric tree-based strategies. @Wina random forest-based classi er. The package mainly provides

to the small size of data, the unsophisticated structure ofc@i an R interface using a _Fortran progrz_am developech)gman
help us interpret the important features of the data more diear (2001) Ensemble Iearnlng_and bagging are the two important
On the other hand, RF can provide evaluation metrics for theconcepts used vvhen creatllng the r.ar!dom forests. Eurthermore
features and thus is able to identify the important featuresdi a random forest. IS a Cla.SS' er consisting of a collect|or'1 okire
during the model construction. strgctured classi ersEreiman, 200). Theref_ore, accord_lng the
The glmnet package-(iedman et al., 20)®f R was applied voting results, we should be able to obtain the prediction for

during this study to construct the MLR model. More speci cally, a spect data-set.. In addition, RF provided the func_:tlons, that
allow the evaluation of the e ect of features during model
the MLR model can be de ned as

construction. The mean decrease in accuracy and mean decrea
in node impurity are provided by randomForest package(

Following this, a voting strategy is adopted, the class with
the maximum number of votes is considered to be the most
nprobable one.

exp( kC [X) and Wiener, 200R Note that the impurity is de ned as
P(GD kjX D x) D P K
ip1€xP( g C j'X) N
_ . IMD1 P
whereK is the number of levels of the response variable, @ iD1

(1, 2, ... K) is the set of levels. Note that this parameterization
is not estimable due to identical probabilities. Howeverwherep; is the probability of correct classi cation.
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FIGURE 1 | Flowchart of preprocessing of spectral data given that thedlerance value is 5. The incidence ratio was determined by éhnumber of the isolates among
the CPS. Dy was de ned as the total difference between the incidence rats.

In addition to the aforementioned multiclass classi catio in order to compare dierences in intensities of specic
approaches, we also adopted these methods when examinipgaks among these three groups, the Kruskal-Wallis test
binary classi cation in order to better distinguish ST3 and (Kruskal and Wallis, 1992 and Kendall's tau coe cient
ST42. The same package was implemented for this proceg¢sendall, 1938 were both adopted as part of this study.
but in this case using the binary option. For instanceMoreover, to obtain the ability of an individual peak to
logistic regression (LR) was used to construct the binargistinguish between the three groups, the area under the
classi cation model using the glmnet packageiédman et al., receiver operating characteristic curve (AUC) was taken into
2010. Similarly, for SVM, DT, and RF, the same packagesonsideration. Note that to deal with multi-class perforncan

were adopted. evaluation, the pROC packagerdbin et al., 20)lin R
was implemented in order to obtain an estimation for the
Statistical Analysis multi-class AUC Hand and Till, 200). When comparing the

It is important to note that we were concerned not only di erence between two independent samples, the Wilcoxon
with the frequency of the peaks, but also with the intensityrank-sum test was employed, and it was also implemented to
of a specic peak among the multiple spectra, which is als¢ompare cross validation performance. To nd the optimal
a critical in discriminating these three groups. Thereforecut-o points for each ROC curve during binary classi cation,
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the OptimalCutpoints packagel¢pez-Raton et al., 20)4 TP
was applied. SND TPCEN
TN
Evaluation Metrics of the Classi ers SPP e
To evaluate the performance of the classiers constructed by TPC TN
the aforementioned machine learning methods, the strati e ACCD 5 cTN+FPCEN'

5-fold cross validation technique was implemented. The rst

procedure of the stratied 5-fold cross validation splits theyhere TP means the true positives and refers to the number of
dataset into 5 groups, preserving the percentage of data f&@T42 that were correctly predicted by the classi er, TN means
each class. Then, one group is left as the testing datasg{;e negatives and refers to the number of ST3 that were ctiyre
while the remaining groups form the training dataset. Thepredicted by the classi er, FP means false positives and refers
classi cation model was built according to the training daét g the number of ST42 that were incorrectly predicted by the
and was evaluated using the testing dataset. Note that eaab g classi er, and FN means false negative and refers to the numbe

was a testing dataset. Consequently, we obtained 5 predlicti¢f ST3 that were incorrectly predicted by the classi er.
performances for these 5 groups. The average accuracy and

the AUC among the ve testing sets were determined in ordef~eature Selection Strategies

to compare the performance when constructing the multiclasgn addition to applying the importance evaluation from RF,
classiers. As a result, the AUC was calculated by using th@&e also developed two strategies, the stepwise strategy and th
pROC packageRobin et al., 201)lin R. By way of contrast, we forward strategy, to nd the peaks that needed to be considered
used sensitivity, speci city, accuracy, and AUC when evélgat as classi ers. More speci cally, these two strategies weopted

the binary classi cation performance. More speci cally, suppos when constructing the multi-class RF-based classi ers ineord
that the class of ST42 is labeled as 1, these metrics aredle ng obtain the peaks that are essential when distinguishingehe
as follows: three groups.

.

= ST3
m ST42
= Others

10
J

®m ST3
m ST42
» 4 B Other ST types

ylygglgg‘!@i!lﬂh[lﬂ.h“}jl“plqlgu

8

Frequency

79

Number of peak occurrence

FIGURE 2 | Distribution of the dataset.(A) Pie chart showing the distribution of dataset(B) Number of identi ed peaks in each group.
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The stepwise strategy starts initially with a speci ¢c peakhsuc  When using the forward strategy, the peaks must be sorted
as the one with the largest AUC, the largest absolute value afto a speci c order. For example, the peaks can be sorted by their
Kendall's tau coe cient, and so on. Further, the next peak ® b AUCs in the descending order. Then the forward strategy would
selected must attain the largest AUC or accuracy when comdbindollow this order to adding new peaks if the new one is able to
with the currently selected peak(s) among those peaks tha haincrease the AUC or accuracy. Otherwise, the peak will not be
not been selected. The process is then repeated until the AUC oggarded as a helpful feature when constructing the classiret,
the accuracy does not increase anymore. thus will be discarded.

\ /
[XTXYY 1)

Proportion of significance
0.1

a | °/./ ¥ .
|

T T T T T T T T T T T T T T T T T T T T T
5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 8 8 90 95 100

Tolerance value

FIGURE 3 | Proportion of signi cance for different tolerance values. Bher's exact test was employed to examine the difference bisveen two different ST types. The
p-values were derived by the average of thre@-values.
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FIGURE 4 | Mass spectra before and after peak alignment. The left pané$ the number of spectra appearing the speci ¢ peaks under theoriginal signal of the mass
spectra and the right panel is after the alignment strategy ith tolerance value 5.
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types. When the isolate of interest is classi ed by the model as
° major ST type, outbreaks from the origin should be suspected an

T further investigation could be initiated immediately. Astad,
—T ; _ this classi cation was determined by the local epidemiolo§$.

0.9

haemolyticugh Taiwan.Figure 2demonstrates the data statistics
and the distribution of number of peaks identi ed for each gm

On an average, the number of peaks identi ed in the range 2,000
Da to 17,000 Da was 76.48, with a standard deviation of 13.46.

Accuracy
0.8
Il

. ° More speci cally, the average number of peaks identied for
S ] —— ST3 was 77.03, while that of ST42 was 77.68, and the number
o of peaks identi ed for the other ST types was 72.04. Although

the number of peaks identi ed for the other ST types seemed to
be lower than that for the other two strains, the Kruskal-Vi&ll
rank sum test did not show a signi cant di erence between the
three groups |§ D 0.0586). When spectra signal intensity was
examined, the average (standard deviation) normalizeehsity
across the three groups was 0.16 (0.18). The average ncethaliz
intensity of ST3 was 0.13 (0.16), while that of ST42 was 0.17
- (0.19), and that of the other group of ST types was 0.18 (0.18).
‘ ’ The normalized intensity of ST3 seemed to be lower than that of
- other two groups and the result of the Kruskal-Wallis rank sum

| - : 3 test also showed that there were signi cant di erences betwe
' : these three groupp& 0.0001).

1 : , o Determination of Tolerance Value
8 — In the previous section, we have described the strategy
: 8 — | for determining the RPS using Fishers exact tédgure 3
MLR SVM DT RE demonstrates the proportion of signicance for dierent
tolerance values. More speci cally, the proportion of signi cen
FIGURE 5 | Boxplot of the accuracy and AUC for the repeated 5-fold cross was determined by the number of occurring signi cance. Note
validation when the tolerance value is 5. that the signi cance here indicates that tigevalue of Fisher's
exact test is<0.0001. When the tolerance value is 5, the
o L proportion of signi cance is highest. The spectra with and
Th? SG”S'“V'W Of both these strategies is dependent on thih oyt preprocessing is shown Figure 4. In addition,Figure 5
selection of the initial peak. In other words, the rst sel@t yomonstrates the performance of the 5-fold cross validation
peak will a ect di erent peak combinations and this may produce repeated 100 times. Speci cally, there were 500 independent
di erent perforr_nan(_;es. Moreovgr, 0_“ erent crit_eria are likely osts of ACCs and AUCs for evaluating whether the tolerance
also to result in dierent combinations. In_thls study, both | 51ue was robust enough. These results implied that theanta
AUC and the accuracy are two of the major concems when, e \was adequate for further analysis. The AUC of di erent
building the multi-class classi ers. On the other hand, ieance classi ers under dierent tolerance values, which are shown

between the sensitivity and speci city also needs to be taken i, Figure 6 demonstrated that the AUC was able to attain a
consideration. Nevertheless, the major aspects of the @i 51y of 0.8 with a low standard deviation for the tolerance

MLR SVM DT RF

1.0

0.9
1

0.8

AUC

0.7

0.5

still are dependent on the AUC and the accuracy. value of 5. Therefore, we used a tolerance value 5 for the
feature selection because of its robustndsdle 1 shows the

RESULTS mean standard deviation of the accuracy and AUC values for
the 5-fold cross validation using the di erent machine leargi

Summary Statistics of Spectra Data methods. Wilcoxon rank sum test was then used to compare

Among the 254 isolates used in the present study, 62 isolatéseir performances. It should be noted that thevalue next to
were ST3, 145 isolates were ST42, and 47 isolates wererneitthee accuracy/AUC column is from the Wilcoxon rank sum test
ST3 nor ST42 and formed a separate group of strains. Thesults and this was employed to compare the accuracy/AUC
details of the other ST types show 8upplementary Table 1 when using the MLR method on the test data during 5-fold cross
Given that we aimed to develop and validate a ra@d validation. Furthermore, we also found that the RF values ¢ehd
haemolyticusstrain typing tool, we designed the classes basei be robust due to the presence of a lower standard deviation
on the local epidemiology, whereas ST3 and ST42 accounted fmwmpared to other methods for the di erent tolerance values
the majority of strains. In clinical practice, the developedlt presentinFigure 5 Hence the feature selection strategies, when
would provide preliminary strain typing information, notifgg  implemented to nd important features, used RF. It should be
clinical physicians if the isolate of interest is of the ma®@F noted that the number of peaks in RPS was 583 for a tolerance
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TABLE 1 | Performance of 5-fold cross validation.

found to be highly correlated witls. haemolyticusnd were able
to distinguish between the three groups of ST strains.

A -val AUC -val . .
ceuracy prvalue prvalue A total of 10 models were constructed by adopting di erent

MLR 0819 0.028 _ 0808 0.074 _ featu_re se_lection strategies and selecting d_i erent peaks. We

SUM 0858 0.029 0.0937 0839 0.060 05476 Nextidentied the peaks that were selected in more than ve

oT 0.840 0.046 0.4005 0.804 0012 06905  Models and these were regarded as discriminative pé’ab&g 3 _

RE 0.866 0.014 0.0196 0.848 0.037 03005  Shows the occurrence a_nd proportions of these dlscr|m|_nat|ve
peaks. From this table it can be seen that the ST42 isolates

Mean  standard deviation accuracy and AUC of the 5-fold cross validations for the  glmost always present the peaks 4999 and 6496, explicitly they

multiclass classi cations using different machine learning ethods when the tolerance
value is 5. The p-values were derived by comparing with MLR. MLR, mudtass logistic
regression; SVM, support vector machine; DT, decision tree; RF, ralom forest.

were present in over 90% of samples. However, neither ST3
nor ST42 ever presented the peak 5635. In additigure 7
presents the whole spectral incidence for the three groups, and
speci cally focuses on the area from 4700 to 7100 Da, which
value of 5 and thus it was these 583 features that were usgflows closer observation of the behavior of the discrirtiirea
to construct the multi-class classi ers used to discrintanghe peaks. Speci cally, the red bars show the di erences between
three groups. these three groups that seem to be critical to constructing the
classi ers. When considering the intensiffable 4 presents the

. . means and standard deviations of the normalized intersitie
Results of Feature Selection Strategies on the discriminative peaks. Since the incidence tends to bdlsma
RF-Based Classi ers and the normalized intensity is between 0 and 1, the average
Table 2 demonstrates the results of the two feature strategiegalues also tend to be low. Nevertheless, some peaks stileghow
when RF was used to construct the classi cation models. Thstrong intensity. For example, peaks 6781, 6496, and 4999 still
forward strategy was highly dependent on the order of indaosi have relatively large intensity values. The Kruskal-Wedks was
of the features. On the other hand, the starting peak in theemployed to test di erence among the three groups and when
stepwise strategy was critical. Both these strategies demated there was a di erence between two groups, thealue tended
that a reduction in the number of features appeared to increas® be lower. Hence thg@-values inTable 4 are very small. It
the accuracy or AUC. In other words, the selected peaks weshould be noted that these discriminative peaks are the drags t
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TABLE 2 | Performance of feature selection. DISCUSSION
RF This is a study that focused on the strain typingSothaemolyticus
Strategy  Start up #peaks  Accuracy AUC p-value based on the MALDI-TOF MS utilizing statistical tests and
machine learning methods simultaneously. Specically, the
Stepwise  AUC 21 0918 0.024 0921 0.025 0.0079  Fisher's exact test was employed to determine the reasonable
Kendall's tau 26 0906 0008 0.897 0049 02222  tolerance values on preprocessing the spectra data. We have
KW 20 0902 0030 0917 0.042 0.0952 not only constructed machine learning-based classi erst tha
IMP 27 0910 0008 0926 0020 00079 allow for dierent feature selection strategies, but haveoal
Forward ~ AUC 18  0.897 0032 0896 0026 00952 employed statistical tests to compare the performance of the
Kendall’s tau 35 0901 0024 0.893 0047 02222  various discriminative peaks related to the di erent ST tyJédwe
FE 25 0902 0023 0898 0035 00556 rapid identi cation of S. haemolyticustrain types will facilitate
Kw 26 0906 0031 0902 0061 02222 the identication of origins of infection and will also provil
IMP-ACC 22 0.882 0032 0864 0059 07533 critically-ill patients with substantial bene ts becauswill allow
IMP-GINI 28 0874 0034 0836 0037 05476 for rapid infection control. Additionally, further explorasin of
No 583 0.866 0.014 0.848 0.037 - the discriminative peaks will allow the identi cation of dac

corresponding peptide. Such ndings should provide clinically

Mean  standard deviation accuracy and AUC of the 5-fold cross validation of RF valuable information pertaining to the dierent subtypes of

using different numbers of peaks selected by the forward and stepwiséeature selection .
strategies using different orders of peaks and the corresponding perforance using S. haemolytlcus
RF. AUC, area under the curve; FE, Fisher's exact test; KW, Kruskefallis test; IMP- Previous studies used “type templates” for each ST type based

ACC, importance measure calculated by mean decreased accuracy lisg RF; IMP-GINI, on the incidence of speci c peaks in their MALDI-TOE MS

[ Iculated b d d impurity usi 3 . ; e

importance measure calculate: y mean decreased impurity using RF. Spectra in Order tO handle the issue Of peak Shlft|ng; furthmmn
log-transformed intensity was used to represent correspandin
signal strength for each peak/gng et al., 2018a)hThese studies

TABLE 3 | Number of occurrence peaks (proportions) and average-values using

the Fisher's exact test for the discriminative peaks. also used t_he signals with the higheSt incidence probab'ihity

a local region ( 5 m/z) as the center of each peak feature.
Peak Type 3 Type 42 Others p-value | other words, determining the local region was based on the

incidence probability without the adoption of any statistitedts.
4673 40 (0.645) 5 (0.034) 5 (0.106) 0.022 . - .

In this study, we used statistical analysis and also measured
5129 49 (0.790) 25 (0.172) 18 (0.383) 0.001* ! . .

the performance of classiers. Such an approach involving
4999 62 (1.000) 138 (0.952) 35 (0.745) 0.035 .

measurement of the tolerance value is an excellent approach for
5635 0 (0.000) 0 (0.000) 12 (0.255) 0.333 . . : i
cu66 51 (0.500 5000 23 (0480 0,333 dealing with the peak shift problem present when using spectral
4 1(0.500) (0.021) (0.489) : data. As the tolerance value increases, the number of peaks in t
2499 52(0839) 59 (0.407) 33(0.702) 0035 RPS decreases, and vice versa. The reason is that a largendele
3390 15(0.242) 107 (0.738) 27(0574) 0015 yalue may lead to the alignment of more discriminative peaks
3411 20 (0.323) 70(0.483) 1(0.021) 0015 with the same speci ¢ peak. In contrast, a lower toleranceealu
5036 43 (0.694) 43(0297) 17(0.362) 0157 results in a paucity of data. Speci cally, in these circumeséan
6496 30 (0-484) 136 (0.938) 15 (0.319) 0039 mych less data can be aligned to the same speci ¢ peak, which
6781 21 (0.339) 129 (0.890) 26 (0.553) 0011 produces a reduced amount of training data and eventually
“Indicated that the p< 0.01. results in poor performance. In such circumstances we used

both Fisher's exact test, and an evaluation of the variation
) ) ] ) in performance of dierent classi ers with di erent tolerance
are often selected using the various di erent feature s&ect \41yes. In short, the variation among di erent classi ers and
strategies shown iffable 2 Moreover, the boxplots iffigure 8  (s|erance values was taken into consideration and this irszéa
can be used to demonstrate the distribution of intensitie®ag e robustness of our model. When the tolerance value was 5
the di erent ST types. According table 3 the intensity inevent e signi cance value was the largest and the standard dewia
of a lower incidence tends to be smaller. This can also beieeenamong the 5-fold cross validation analysis tended to be fowe

Figure 8for peaks such as 4674 and 4659. Therefore, we used 5 as the nal tolerance value when crgatin
the RPS using 583 peaks.
Classi er for Discriminating ST3 and ST42 There are a variety of machine learning methods that can

Table 5 shows the performance of the classiers used tde used for modeling dierent types of data. In this study,

distinguish ST3 and ST42. Since the majority of data aveilabwe adopted a number of relatively uncomplicated models to
was for ST42, the specicity of these classi ers tended to bgonstruct the classiers. These uncomplicated methods are
higher. Even so, the AUCs among the di erent classi ers alsgeadily interpreted, which makes interpretation of the peak
showed impressive results. In bofigures 7, 8 it can be seen results easier and allows the initiation of further invgstions

that the incidence and intensities are evidently di erentéome  into specic peaks simpler. Multinomial logistic regression
speci ¢ peaks. is a generalized logistic regression model that is used for
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FIGURE 7 | Overview of processed MS data. Occurrence proportions amog the three groups over the range from 2,000 to 17,000 Da and zomed in for the range
4,900 to 7,100 Da. The red areas include peaks 4548, 4673, 499, 5036, 5129, 5635, 6466, 6496, and 6781, which are the impotant peaks when constructing the
RF-based classi ers.

handling multi-class problems and is one of the most commordatasets. However, this was not an issue in this study duleeto t
parametric statistical models. Our major concern in adoptingrelatively limited amount of data. Consequently, the perfance

the multinomial logistic regression model was multicolémigy.  of the non-parametric methods was better than that of MLR.
When the dependency among di erent independent variable$-urthermore, the performance of RF was more robust than other
is high, the estimators can be misinterpreted, and this maynethods. This is possibly due to two of the essential concepts
increase the prediction bias/(ers and Myers, 1990Although  of RF, nhamely ensemble learning and bagging. Previous studie
the performance of MLR, as shown ifeble 1, tended to be also have reported the various advantages offRfi(esteix et al.,
lower than other methods, the estimation of the parameter&019. In this study, we have also demonstrated that RF not only
does seem to provide some information about the discrimvati provides the highest accuracy and AUC, but it also retains the
peaks. In other words, the estimators of the MLR were ablewer standard deviation.

to reveal which peaks potentially correlated with dierent ST Only a slight variation at the bacterial subspecies level is
types. It should be noted that a consideration of the standardbserved when they are compared using mass spectscl
errors of these estimators is an important reference point thaet al., 2014; Wang et al., 20)8INevertheless, until now, no
can be used to avoid the multicollinearity e ects. This isdneze  studies have been able to identify the discriminative peaiesnw
there are few restrictions on the use of non-parametric mdtho discriminating the di erent ST types 08. haemolyticubased
such as SVM, DT, and RF. Their primary weakness is then MALDI-TOF MS spectral data. Therefore, we used a variety
time required for training the model when they use large scalof di erent strategies in order to identify the discriminat
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peaks that are very likely to be highly related to the di erentlearning method. It is important to note that the performance
ST types. An exploration of the discriminative peaks is highlyf RF is relatively robust and that it is also less time-consgmi
dependent on the feature selection strategy and the machirduring training; in these circumstances, we largely adopted

TABLE 4 | Means (standard deviation) ang-values using the Kruskal-Wallis test
for the discriminative peaks.

Peak

Type 3

Type 42

Others

p-value

4673
5129
4999
5635
6466
2499
3390
3411
5036
6496
6781

0.052 (0.049)
0.209 (0.200)
0.769 (0.307)
0.000 (0.000)
0.145 (0.185)
0.151 (0.120)
0.030 (0.062)
0.024 (0.040)
0.115 (0.102)
0.108 (0.151)
0.065 (0.119)

0.003 (0.026)
0.031 (0.094)
0.350 (0.236)
0.000 (0.000)
0.003 (0.025)
0.057 (0.083)
0.132 (0.110)
0.054 (0.065)
0.032 (0.082)
0.338 (0.210)
0.247 (0.162)

0.011 (0.032)
0.094 (0.150)
0.455 (0.427)
0.126 (0.266)
0.118 (0.155)
0.222 (0.207)
0.103 (0.111)
0.002 (0.011)
0.076 (0.109)
0.089 (0.174)
0.108 (0.126)

<0.001*
<0.001*
<0.001*
<0.001*
<0.001*
<0.001*
<0.001*
<0.001*
<0.001*
<0.001*
<0.001*

*Indicated that the p< 0.01.

feature selection using RF for this study. The stepwise glyate
is similar to the brute force method when used to nd the
best combinations for the classi ers. Consequently, theiltses
of the stepwise strategy are generally better than thoseeof th
forward strategy. Furthermore, there is only one model tthiait
not include peak 4673, which strongly supports peak 4673 as a
discriminative peak. In addition, peak 5129 was not selected b
two models, as shown iRigure 8, indicating that the normalized
intensities across the three groups for this peak are apparently
di erent. In addition, both Figure 8 and Table 3 show that the
occurrence ratio is also signi cantly di erent across therak
groups. Speci cally, ST42 rarely presented peaks 4673 and 5129,
while ST3 usually presented peaks at m/z 4673 and 5129. Further
experiments are needed to identify the peptides corresponading t
these peaks.

Although the machine learning-based classiers has
demonstrated impressive performance in this study for
distinguishing di erent ST types of. haemolyticyshere are

FIGURE 8 | Boxplots for the normalized intensity for the discriminate peaks.
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TABLE 5 | Performance of binary classi er. discriminating these three groups. If we only consider binary
classi cation for ST3 and ST42, the AUC reaches an excellent
discrimination power of 0.972. The constructed classi ersaver
LR 0890 0062 0968 0044 0913 0045 0919 o051 able to provide instant information when identifying the gim

SUM 0931 0055 00983 0037 0947 0032 0969 o021 Of infection, which will allow rapid infection control. As a
DT 0938 0037 0904 0032 0928 0033 0919 o002 '€SUlt, we believe that we have hereby developed a cost e ective
RF 0951 0031 1000 0000 0966 0022 0972 o020 and rapid identication method for the strain typing of.
haemolyticus This provides a great opportunity for further
i sy 4 Ao s g e v BROVSMEN! of his new protocol and s nroution o
;fl;rance value isg. LR, logistic regression;gSVM,support vector nuﬂaligne;TDT?dsecisis: rOUt,me C|.Inllca| m.ICI’ObIO|Ogy Iaboratory practices !n, orde

tree: RF, random forest. attain rapid infection control. Furthermore, the explicirategy

for the determination of representative peaks before constigc
ghe classi ers provides some indications for those who are
interested in further analysis of spectra data.

Sensitivity Speci city Accuracy AUC

still some limitations. One major concern is that subspecie
composition of the microbial strains may dier in dierent
bacterial populations or in dierent regions of the world. In
such circumstances the construction of machine learniagdul DATA AVAILABILITY

classi er-based method might break down because these . . . . .
groups have di erent discriminative peaks for these subspeciesn® raw data supporting the conclusions of this manuscript will
Even so, the machine learning-based classi er approach, e made_ available by the authors, without undue reservatmn
conjunction with the associated statistical tests, stifvides a 2Ny guali ed researcher.

novel framework for analyzing MALDI-TOF MS data. Another

critical issue that has been identi ed in the previous stwdie AUTHOR CONTRIBUTIONS
is the reproducibility of the mass spectra when MALDI-TOF

MS is being used in bacterial typingMalker et al., 2002; H-YW carried out the data collection and curation. C-RC
Wolters et al., 2011; Croxatto et al., 2012; Sandrin et@L32 participated in the data analyses, model construction, andeidaf
There are a variety of factors involved in the reproducipilit the manuscript. C-RC, H-YW, FL, Y-JT, C-HC, T-PL, and T-YL
of the mass spectra and these include sample processipgrticipated in the design of the study and performed the
and specimen typeJpsten et al., 2013; Sandrin et al., 2013graft revision. J-TH, T-YL, and J-JL conceived of the study,
Mather et al., 2016 As of yet no standard protocol has beenand participated in its design and coordination and helped
proposed for strain typing by MALDI-TOF MS. Nevertheless;to revise the manuscript. All authors read and approved the
a standard protocol should be optimized and specied for nal manuscript.

each species in order to achieve a robust performance when

strain typing Walker et al.,, 2002; Sandrin et al., 2D13

The College of American Pathologists accreditation an(FUNDING

pro ciency test has be_en conducted for years to ensure th‘la’his work was supported by the Ministry of Science and
performance and quality standards of personnel and tests q.t

. : : echnology, Taiwan (107-2320-B-182A-021-MY3  and
Chang Gung Memorial Hospital, Linkou Branch. Therefore, .
on the basis of previous qualied MALDI-TOF MS work ow 108-2221-E-0085-043-MY3) and Chang Gung Memorial

and data used here, the constructed classication model'éIOSpItaI (CMRPG3G1722).

used in this study are readily available f& haemolyticus
strain typing. SUPPLEMENTARY MATERIAL

Our study has demonstrated a method of developing robust
classi ers for discriminating di erent ST types &. haemolyticus The Supplementary Material for this article can be found
based on MALDI-TOF MS data. The multi-class classi eronline at: https://www.frontiersin.org/articles/10.388nicb.
demonstrated an AUC of 0.848 and accuracy of 0.886 whe?019.02120/full#supplementary-material
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