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a  b  s t  r  a c  t

Bioguided  isolation  to discriminate  antimicrobial  compounds  from  volatile  oils  is a time-  and  money-

consuming  process. Considering the limitations  of  the  classical  methods,  it would  be  a  great  improvement

to  use chemometric  techniques  to identify putative  biomarkers  from  volatile oils. For  this  purpose,  antimi-

crobial  assays of volatile  oils  extracted from different plant species  were  carried  out  against Streptococcus

mutans.  Eight volatile  oils that  showed  different antimicrobial  effects  (inactive,  weakly active, moder-

ately  active  and very  active)  were  selected in this  work.  The volatile oils’ composition  was  determined

by  GC–MS-based  metabolomic  analysis.  Orthogonal  projection  to latent  structures  discriminant  anal-

ysis  and  decision tree  were carried  out  to  access the  metabolites that  were  highly correlated  with  a

good  antimicrobial  activity. Initially,  the  GC–MS metabolomic data  were  pretreated by different  meth-

ods  such  as  centering, autoscaling, Pareto  scaling, level scaling and  power  transformation. The  level

scaling  was selected  by  orthogonal  projection  to  latent structures  discriminant  analysis  as  the  best  pre-

treatment  according  to the  validation results.  Based on this data, decision tree was also  carried  out  using

the  same pretreatment. Both  techniques  (orthogonal  projection  to latent structures  discriminant  anal-

ysis  and  decision  tree)  pointed  palmitic  acid  as a discriminant  biomarker  for  the  antimicrobial  activity

of  the  volatile  oils against  S.  mutans.  Additionally,  orthogonal projection  to latent structures  discrimi-

nant  analysis  and decision  tree predicted as  “very  active”  the  antimicrobial  activity  of  volatile  oils, which

did  not  belong  to  the  training  group. This  predicted  result  is  in agreement  with  our experimental  result

(MIC  =  31.25  �g ml−1).  The  present  study  can  contribute to the  development  of  useful strategies  to  help

identifying  antimicrobial  constituents of  complex  oils.

© 2018  Sociedade  Brasileira  de  Farmacognosia.  Published  by Elsevier  Editora Ltda.  This  is  an open

access article  under  the  CC BY-NC-ND license  (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction

Volatile oils (VOs) have a prominent role in  the search for new

antimicrobial compounds. Since 2015, about 2000 scientific papers

investigating the antimicrobial activity of VOs have been published

(Scopus, 2018). These publications show different applications of

VOs and their constituents in  micro- and nanostructured systems,

liposomes and films against pathogenic fungi, bacteria and resistant

microorganisms. Therefore, VOs are still a significant natural source

of new antimicrobials.
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The most  common techniques for antimicrobial assessment of

VOs are the agar diffusion and dilution methods (Balouiri et al.,

2016). The dilution assay is  a  quantitative method used to establish

the minimal inhibitory concentration (MIC). MIC  determination can

be useful to  compare the antimicrobial potential of different VOs,

extracts or isolated compounds against the same microorganism

strain.

Some metabolites that have been previously isolated from VOs

are reported as good antimicrobials, such as menthol, carvacrol,

citral, thymol, �-caryophyllene and �-cedrene (Iscan et al.,  2002;

Barrero et  al., 2005; Dahham et al., 2015; Siroli et al., 2015). One

available technique to identify VO’s bioactive constituents is  the

bioautography assay (Balouiri et al., 2016). However, the high

volatility of some constituents can interfere with the analysis,
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and the conventional bioautography methods are not suitable for

anaerobic and microaerophilic bacteria (Kovács et al.,  2016).

Considering the limitations of the currently available techniques

and the time-consuming process of a bioguided isolation approach

to discriminate putative biomarkers from VOs, it would be a  great

improvement to use metabolomic and chemometric techniques to

achieve this goal.

Metabolomics is the science of detection and identification

of all metabolites (Fiehn, 2002; Krastanov, 2010). The complex-

ity and large amount of data generated by  metabolomics require

chemometric techniques to  elucidate and furnish interpretable

information. Chemometrics can also contribute to correlate

metabolomic data with biological activity of several samples simul-

taneously (Wiklund et al., 2008; Pan et al., 2010; Zhang et al., 2015).

Metabolomics usually require hyphenated techniques, such as liq-

uid or gas chromatography coupled to  mass spectrometry (LC–MS

or GC–MS). GC–MS is  the most common method to determine VO’s

chemical constituents. Chemometrics applied to  metabolomics is

an innovative strategy for targeting active compounds from plant

extracts and VOs (Chagas-Paula et al., 2015a).

There are many chemometric techniques, but the most

commonly used are principal component analysis (PCA) for unsu-

pervised analysis (Wold et al., 1987; Kettaneh et al., 2005) and

partial least squares (PLS) for supervised (Wold et al., 2001;

Kettaneh et al.,  2005). The unsupervised methods show pattern

recognition, trends, outliers and clustering that cover the entire

sample’s space.

The  supervised methods are  able to classify or predict a response

like a biological activity or  to determine the most discriminant

metabolite(s), in  the case of discriminant analysis (PLS-DA). Despite

the recognized importance and utility of PLS-DA, some researches

have reported the use of  orthogonal projection to latent struc-

tures discriminant analysis (OPLS-DA), which is a modification of

the NIPALS PLS algorithm (Trygg and Wold, 2002). OPLS-DA is  a

powerful technique not only for interpretation and classification of

sample sets (Eriksson et al., 2012), some of which from OMICS data

(Boccard and Rutledge, 2013), but also to discriminate biomarkers

(Wiklund et al., 2008; Pan et al., 2010; Chagas-Paula et al., 2015b).

In an OPLS-DA model, the variation from matrix X that is not cor-

related to  Y is removed. Therefore, some authors classify OPLS-DA

better than PLS-DA for analysis interpretation, although both meth-

ods have the same predictive power (Trygg and Wold, 2002; Verron

et al., 2004; Tapp and Kemsley, 2009).

Some authors have reported the applicability of  unsupervised

(Zhang et al.,  2015) and supervised (Pan et  al., 2010) chemometrics

to discriminate samples and to discover biomarkers from GC–MS

data. Other authors have demonstrated the use of S-plot and SUS-

plot visualizations to  identify potential biomarkers based on OPLS-

DA and GC–MS data (Wiklund et al., 2008). Maree et al. (2014) used

OPLS-DA to identify antimicrobial constituents from commercial

VOs, and eugenol was found as a  biomarker belonging to samples

with good antimicrobial activity.

Beyond the methods that work with dimensionality reduction

in a hyperplane such as OPLS-DA, the decision tree  (DT) technique

based on the J48 algorithm (Bhargava et al., 2013) can also be used

for data analysis concerning classification, pattern recognition and

prediction in data mining experiments (Endo et al., 2008; Zarkami,

2011). The J48 algorithm builds the model from the given data set

(matrix X,  with the variables) and generates a  graphical represen-

tation known as DT, which shows the most important variable(s)

for the classification of the model (matrix Y). In a  DT, the “leaves”

correspond to the classification and the “nodes” to  the variables.

So far, only a few publications show the applicability of DT on

metabolomic studies to discover biomarkers (Chagas-Paula et al.,

2015b). DT was used only once in  a substructure prediction study

based on GC–MS data (Canales et al., 2008), but to  the best of our

knowledge,  no study about the use of DT to  identify biomarkers for

antimicrobial activity of VO  has been published so far.

Herein,  we selected eight VOs from different plants with pre-

viously reported antimicrobial potential (Onawunmi et al., 1984;

Canales et al., 2008; Singh et al., 2008; Bachir and Benali, 2012) and

tested their effects against Streptococcus mutans. The chemical con-

stitution of  these VOs was obtained by  GC–MS. The metabolomic

data together with the biological activity of the VO (MIC values)

were submitted to  chemometric techniques. The OPLS-DA and DT

were used to  identify putative biomarkers that may be responsible

for the antimicrobial activity of the VO  against S. mutans. Addition-

ally, based on the GC–MS data, chemometrics was used to  predict

the antimicrobial activity of a  new VO that was  not previously used

in the model.

Material and methods

Plant  material and VO  extraction

Leaves and inflorescences of Aldama arenaria (Baker) E.E. Schill.

& Panero, Asteraceae, were collected in  a  preserved Cerrado area

along the Washington Luiz Highway, SP, Brazil (S 21◦10.681′; W

047◦51.541′; alt. 538 m),  by F.  B.  Da Costa, F.  A. Santos and I. P.

Sousa. Plant collection was  authorized by SISBIO (Brazilian Gov-

ernment’s Authorization and Information in Biodiversity System,

process #36391-1), and the access to  genetic heritage was autho-

rized by CNPq (National Council for Scientific and Technological

Development, process #010055/2012-6).

The inflorescences were collected in February 2012, February

and March 2013, and February 2014, around 9 a.m. The inflores-

cences were used fresh, except those collected in  March 2013,

which were dried outdoors for 5 days (average temperature around

24 ◦C). The leaves from A.  arenaria were collected in  February 2012.

A voucher specimen (FBC # 103, SPFR 7652) of A. arenaria from the

same population and period of the year is  deposited at the SPFR

Herbarium of the Department of Biology, FFCLRP, University of São

Paulo, Ribeirão Preto, SP, Brazil.

Dried samples of the species Cymbopogon citratus (DC) Stapf,

Poaceae, Eucalyptus globulus Labill., Myrtaceae, and Zingiber offici-

nale Roscoe, Zingiberaceae, were purchased from the natural shop

“Oficina de Ervas” in Ribeirão Preto, SP, Brazil, with the following

batch numbers: 25SDM, 04SDM and 02SDM.

The volatile constituents of all plants were extracted by hydro-

distillation for 4 h, using a  modified Clevenger apparatus. The VOs

were properly stored at −20 ◦C and the chemical and biological

analyses were performed after the extractions.

GC–MS analysis

The  VOs were analyzed on a Shimadzu QP-2010 gas chro-

matograph coupled to a quadrupole mass spectrometer (Shimadzu

Corporation, Japan) and equipped with a DB-5MS capillary column

(30 m × 0.25 mm × 0.25 �m;  Agilent, USA). Helium was  used as car-

rier gas at a flow rate of  1.3 ml/min. The oven temperature was

programmed from 60 to  210 ◦C at 3 ◦C/min and the injector and

detector temperatures were set at 250 and 260 ◦C, respectively. The

injector split ratio was  adjusted to  1:40. The ionizing energy was

set to 70 eV.

The  VO  constituents were identified based on comparison of

the obtained mass spectra with the mass spectral data from the

libraries Wiley 7, NIST 08 and FFNSC 1.3. Additionally, the retention

indices of the constituents were also compared with the literature

values (Adams, 2007).
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Antimicrobial activity

The  antimicrobial activity of the VO was evaluated by the

microdilution method. The microorganism S. mutans ATCC 25175

was previously activated in tryptic soy agar (BD, France) sup-

plemented with 5% (v/v) sheep blood (EBE Farma, Brazil). The

VOs were dissolved in  dimethyl sulfoxide (Merck, Germany) and

later diluted in tryptic soy broth (BD, France) to reach concen-

trations ranging from 0.97 to 2000 �g/ml. The solutions of VOs

were added to  a 96-well microplate with inoculum concentration of

5 × 105 colony forming units per ml.  Chlorhexidine dihydrochloride

(Sigma-Aldrich, USA) was used as positive control. The microplates

were incubated under microaerophilic conditions at 37 ◦C. After

24 h incubation, microorganism viability was indicated with 0.02%

(w/v) resazurin (Sigma-Aldrich, USA). The first well without visual

color change of resazurin was defined as the MIC.

Chemometric analysis

The  GC–MS metabolite profiling data from the VO analyzed were

organized in an Excel spreadsheet (Microsoft Office Excel, 2013,

Brazil). All  detected peaks were aligned according to  their respec-

tive retention times and mass spectrometric profiles. The peaks

identified by the libraries of GC–MS were arranged in columns and

the name of  the samples arranged in rows. This table corresponded

to the matrix X.  The matrix Y  was related to the antimicrobial activ-

ities of the VO, which were classified as inactive, weakly active,

moderately active and very active according to their MIC values

(Rios and Recio, 2005; Santos et al., 2008).

Different pretreatments such as  centering, autoscaling, Pareto

scaling, level scaling and power transformation were applied to  the

data (Van den Berg et al.,  2006), in  order to compare them in terms

of multiple correlation coefficient (Ry
2) and predictive capacity (Q2)

by OPLS-DA. According to the obtained results, the best pretreat-

ment method was selected with more reliability to identify putative

biomarkers of VOs against S. mutans.

The PCA and OPLS-DA models from these five different data

pretreatments were built in  SIMCA (v. 13.0.3, Umetrics, Sweden).

DT was carried out in  Weka (v. 3.6.9, Waikato University, New

Zealand), with the “minimum number of instances per leaf” equal

to 1 (minimum amount of  data separation per branching). The best

pretreatment for the OPLS-DA model was also used in DT analysis.

Results and discussion

The  antibacterial activities of the VO were compared by their

respective MIC  values. VOs with MIC  values lower than 100 �g/ml

were classified as very active, VOs with MIC  values between 100

and 500 �g/ml were classified as moderately active, those with MIC

values between 500 and 1000 �g/ml as weakly active and those

with MIC values greater than 1000 �g/ml were considered inactive

(Rios and Recio, 2005; Santos et al., 2008).

The VO from the fresh inflorescences of A. arenaria collected

in February 2012 (A. arenaria 1,  Table 1)  was classified as “very

active” based on its MIC  value (15.6 �g/ml) for S. mutans. Due to the

promising activity of this VO, the inflorescences of A. arenaria from

the same population were collected again in 2013 (February—A.

arenaria 2 and March—A. arenaria 3 and A. arenaria 4) and 2014

(February—A. arenaria 5). The leaves of  A.  arenaria were collected

only once in 2012 due to  its lower activity (A. arenaria 6, Table 1).

All VOs were extracted from fresh samples in the same way, but

the oil from the dried inflorescences of A. arenaria (A. arenaria 4,

Table 1)  was obtained for comparison of the chemical profiles.

The  VO from different collections of A.  arenaria displayed

different chemical composition and, consequently, different

Table 1
Antimicrobial activity of VOs against S. mutans and their classification according to

the MIC  values.

Name of the sample for classification MIC (�g ml−1)  Classification

A. arenaria 1  15.6 Very active

A. arenaria 2  250.0 Moderately active

A.  arenaria 3  — —

A. arenaria 4  62.5 Very active

A. arenaria 5  125.0 Moderately active

A.  arenaria 6  1000 Weakly active

C.  citratus 1000 Weakly active

Z. officinale 2000 Inactive

Eucalyptus globolus 2000 Inactive

Positive control 0.2 —

Note: A. arenaria 1: fresh inflorescences collected in February 2012; A. arenaria 2:

fresh inflorescences collected in February 2013; A. arenaria 3: fresh inflorescences

collected  in March 2013 (activity predicted); A. arenaria 4: dried inflorescences col-

lected in March 2013; A. arenaria 5: fresh inflorescences collected in February 2014;

A. arenaria 6: fresh leaves collected in February 2012; C. citratus: dried leaves; Z.

officinale: dried rhizome; E. globulus: dried leaves; Positive control: chlorhexidine

dihydrochloride 0.12% (w/v).

Table 2
PCA  and OPLS-DA constructed according to  different pretreatments.

Model PCA OPLS-DA

PC Rx
2 PredC OrtC Ry

2 Q2 RMSEcv

Centering 2 0.75 3 3 0.969 0.52 0.39

Autoscaling 2 0.43 3 3 0.997 0.57 0.33

Level scaling 2  0.49 3 3 0.999 0.74 0.32

Pareto scaling 2 0.48 3 3 0.995 0.58 0.39

Power transformation 2 0.53 3 3 0.982 0.50 0.42

The results were expressed in terms of variance explained (Rx
2),  calculated by two

principal components (PC) for PCA and multiple correlation coefficient (Ry
2). The

predictive capacity (Q2) was  calculated by three predictive components (PredC) and

three orthogonal components (OrtC) for OPLS-DA.

antimicrobial activity. The samples A. arenaria 2 and A. arenaria 5

were classified as “moderately active” and the sample A. arenaria

6 as “weakly active”. The VO from the dried inflorescences (A. are-

naria 4) was  classified as “very active”, whereas A. arenaria 3 was

used as external validation for prediction by OPLS and DT.

Other  plant species were also used in this work. The VOs from

E. globulus and Z. officinale were classified as  inactive and the

VO from C. citratus as weakly active against S. mutans (Table 1).

Thereby, eight VOs displaying different MIC values (ranging from

15 to 2000 �g/ml) were selected for chemometric studies in order

to have samples with different antimicrobial potential against the

same microorganism (S. mutans). The analysis of the selected VO

by GC–MS (Appendix B) showed a great number of different con-

stituents, suitable for the chemometric analysis.

The VO from A. arenaria 1 displayed the best antimicrobial activ-

ity. Carotol (12.67%), falcarinol (6.71%) and spathulenol (5.48%)

were identified as major constituents (Appendix B). The collections

of A. arenaria inflorescences from the same population in different

years provided chemically different VOs, from the qualitative and

quantitative points of view. The major compounds and the propor-

tion of monoterpenes and sesquiterpenes were different in these

five VOs, resulting in different biological activities (from moder-

ately to very active; Table 1).

Despite the chemical differences mentioned above, the PCA

indicated a  trend to a  defined cluster for the five VOs from inflores-

cences and leaves of  A. arenaria (Appendix B). The PCA carried out

with the data coming from all pretreatments did not show any out-

lier. Moreover, all pretreatments displayed more than 40% of  the

variance explained (Rx
2) with only first two components (Table 2).

The PCA clustering did not match with the biological activity pre-

sented by  the samples (Appendix B). To obtain comparable models,

OPLS-DA were standardized with three predictive (PredC) and



650 F.A. dos Santos et al.  /  Revista Brasileira de Farmacognosia 28 (2018) 647–653

30

20

10

0

-10

-20

-30

-40
-50 -40 -30 -20 -10 0 10 20 30 40

1.00014 * t[2]

1.
00

01
4 

* 
t[2

]

A.arenaria 2 A.arenaria 5

A.arenaria 4A.arenaria 1

A.arenaria 6

C. citatus

Very active
Moderately active
Weakly active
Inactive

E. globulus

Figure 1. Score plot (PredC 2 × PredC 3)  of OPLS-DA constructed with data pre-

treated by level scaling. The samples were classified according to the MIC  values of

the VOs against S. mutans. A.  arenaria 1:  fresh inflorescences collected in February

2012;  A. arenaria 2: fresh inflorescences collected in February 2013; A. arenaria 4:

dried inflorescences collected in March 2013; A. arenaria 5: fresh inflorescences col-

lected in February 2014; A. arenaria 6: fresh leaves collected in February 2012; C.

citratus: dried leaves; Z. officinale: dried rhizomes; E. globulus: dried leaves.

three orthogonal components (OrtC). This standardization allowed

a good performance without overfitting (Table 2). The level scal-

ing displayed the highest predictive capacity (Q2 =  0.74) and the

lowest root mean square error of cross-validation (RMSEcv =  0.32)

(Table 2) when compared to  other pretreatments.

Moreover, the results obtained for the PCA pretreatments

(Table 2) are somewhat different from those reported by Van den

Berg and co-workers, who also worked with GC–MS metabolomics

data (Van den Berg et al., 2006). The authors stated that autoscal-

ing and range scaling were better than other pretreatments for PCA.

Nevertheless, in the present study, the centering was the best pre-

treatment based on Rx
2 result (Table 2). Although Van den Berg

and co-workers carried out only PCA analysis, they described in

detail each pretreatment, informing that level scaling was  sup-

posedly better for biomarkers identification. This information is in

agreement with our OPLS-DA results.

Level scaling (Fig. 1) was selected for a  more reliable dis-

criminant analysis because it displayed better predictive capacity

(Table 2) when compared to other pretreatment methods by OPLS-

DA. The level scaling pretreatment separated the samples with

higher antimicrobial activity from those with lower activity in

the  score plot (Fig. 1). The predictive capacity is  calculated by

the leave-one-out seven-fold cross-validation method that ensures

reliable analysis. The VO constituents correlated with good antimi-

crobial activity against S.  mutans are shown in  the loading plot

(Fig. 2).

The regression coefficients that represent the prediction vec-

tor for the “very active” classification were selected by OPLS-DA.

These coefficients are the variables that correspond to  the chemi-

cal constituents detected by GC–MS and visualized in the loading

plots. The variables with higher and positive magnitude (thin bars)

and higher reliability (thick bars built with 95% of jack-knifed con-

fidence intervals) were chosen (Fig. 3). Otherwise, a variable that

displays a  negative value has an opposite effect to  any studied clas-

sification when the cross-validation is  carried out. A  list displaying

the most important variables that contributed with the most active

VO was created through the coefficient plot (Table 3).

The  15 putative biomarkers displayed in  Table 3 are the vari-

ables related to the “very active” classification. These constituents

are exclusive or are present at higher concentrations in  the VO

classified as very active. Palmitic acid was identified as the most

important biomarker correlated to  the good antimicrobial activ-

ity of the VO from the inflorescences of A. arenaria 1  and 4

against S. mutans. This long-chain fatty acid has been reported in

the literature showing antimicrobial properties against different

microorganisms (Kabara et al., 1972; Ibrahim et al., 1991; Avrahami

and Shai, 2004), including S. mutans (Huang et al.,  2011). By thin-

layer chromatography and bioautographic assay, Yff et al. (2002)

obtained palmitic acid as the major antibacterial compound present

in the ethyl acetate root extract of Pentanisia prunelloides. Palmitic

acid also displayed inhibitory effects against other oral microorgan-

isms such as S.  gordonii and the Gram-negative bacteria P. gingivalis

and F.  nucleatum (Huang et al., 2011).

Additionally, the compounds 7,8-epoxy-1-octene, cis-�-

bergamotene, methyl linolelaidate, alloaromadendrene and

veridiflorol were also correlated with the good antimicrobial

activity, in addition to  other nine constituents that could not be

identified (n.i.) with the three GC–MS libraries used in this study.

These biomarkers are at low concentrations in  the respective

active samples.

Palmitic acid (classified as the most important biomarker) corre-

sponds to only 1.04 and 0.8% of the composition of A. arenaria 1  and

A. arenaria 4 VO, respectively. In this sense, OPLS-DA can be a  useful
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Table  3
Summary of putative biomarkers correlated with the samples displaying good

antimicrobial activity against S. mutans (“very active”).

Number of the variable Name of the variable

55 Palmitic acid

10 7,8-Epoxy-1-octene

24 cis-�-Bergamotene

51 Methyl linolelaidate

169 n.i.  71

172 n.i.  79

161 n.i.  61

164 n.i.  64

165 n.i.  65

163 n.i.  63

12 Alloaromadendrene

156 n.i.  57

118 n.i.  11

141 n.i.  27

78 Veridiflorol

Note: n.i.: not identified.

technique to  highlight possible active constituents that might not

be associated to the biological activity without statistical analysis,

once they are present at low concentrations. Therefore, the analy-

sis by OPLS-DA can guide the isolation of constituents in complex

samples such as VOs and also suggests combinations for synergistic

effects.

Moreover, OPLS-DA was also used to  predict the unknown

antimicrobial activity of  a VO (A. arenaria 3, Table 1) based on its

chemical data pretreated by  level scaling. The model predicted the

activity of the VO mainly as “very active” against S.  mutans (Table 4).

This analysis indicated that this oil sample has 41.1% of chance to

be classified as “very active”, although it has 30.0% of chance to

be classified as “moderately active”, 18.9% as “weakly active” and

9.9% as “inactive” (Table 4). The antimicrobial assay was carried

out with this sample, and the VO displayed an MIC value equal to

31.2 �g/ml (“very active” classification). This experimental result is

in agreement with the statistical prediction, therefore experimen-

tally validating our  predictive model. Eight from the 15 biomarkers

listed by OPLS-DA (Table 3) were detected in this VO: veridiflorol

(0.72%), n.i. 11 (3.68%), n.i. 27 (2.13%), n.i. 57 (0.37%), n.i. 61 (0.49%),

n.i. 63 (1.37%), n.i. 64 (0.56%), n.i. 65 (0.34%) (Appendix B). However,

palmitic acid was not found in  this active VO.

DT model (Fig. 4) was  also carried out using the data pretreated

with level scaling. This model was used for classification purposes

only. The resulting DT classifier (Fig. 4, on  the right) indicated

palmitic acid (variable 55) as the most important constituent cor-

related to the activity, as already indicated by the OPLS-DA model

(Table 3). This result reinforces the predictive validity of the statis-

tical models used in  this study.

The DT classifier also showed the variables 16 and 9 (Fig. 4,

on the right) that correspond to bornyl acetate and 4-terpineol,

respectively. The results for the DT classifier indicate that the VO

is very active against S. mutans when palmitic acid is at a  higher

concentration than −1  (corresponding to zero, before level scaling

pretreatment). Conversely, the VO is inactive when 4-terpineol is

present and moderately active when bornyl acetate is  part of  the

composition, without palmitic acid. This classification can lead

to some oriented possibilities such as synergism and antagonism

Table 4
Antimicrobial activity prediction of the VO from fresh inflorescences of A. arenaria 3  against S. mutans.

Name of oil for classification* Classification Very active (%) Moderately active (%)  Weakly active (%)  Inactive (%)

A. arenaria 1 Very active 97.54 −1.89 1.52 2.82

A.  arenaria 2 Moderately active −2.74 98.16 1.57 3.02

A.  arenaria 3 —  41.10 30.03 18.94 9.94

A.  arenaria 4 Very active 98.04 0.53 0.15 1.29

A.  arenaria 5 Moderately active −1.45 100.51 0.05 0.90

A.  arenaria 6 Weakly active −1.75 −0.22 100.49 1.47

C.  citratus Weakly active −2.19 −0.95 100.97 2.17

Z.  officinale Inactive −1.81 −0.47 0.64 101.65

E.  globolus Inactive −1.93 −0.63 0.75 100.81

Note: The VO  was classified as “very active” by OPLS-DA (41.10% of chance). A. arenaria 1: fresh inflorescences collected in February 2012; A. arenaria 2: fresh inflorescences

collected in February 2013; A.  arenaria 3: fresh inflorescences collected in March 2013; A.  arenaria 4: dried inflorescences collected in March 2013; A. arenaria 5: fresh

inflorescences collected in February 2014; A.  arenaria 6: fresh leaves collected in February 2012; C. citratus: dried leaves; Z. officinale: dried rhizomes; E. globulus: dried leaves.
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Figure 4. On the right: the DT classifier showing palmitic acid (Var. 55) as the most important variable correlated to the good antimicrobial activity against S. mutans. Bornyl

acetate (Var. 16) was  related to  a  moderate activity and 4-terpineol (Var. 9)  was indicated as an  antagonist of the antimicrobial activity. On the left: the prediction of the  VO

from  fresh inflorescence of A. arenaria 3  (line 3 of the inst#) as “very active”, based on  its chemical composition and training set.

studies involving the isolated constituents from the VO. Thus,

this DT classifier showed not  only a  classification correlated

to metabolite concentration, but also the possible interactions

between different constituents.

The VO from A. arenaria 3 was also classified as very active

against S.  mutans by  the DT (Fig. 4, on the left, inst# 3), thus cor-

roborating the OPLS-DA prediction. So far, no work regarding the

use of DT to  identify biomarkers for antimicrobial activity of VO has

been published, except for LC–MS data (Chagas-Paula et al., 2015b).

Therefore, DT is  an underexplored technique that is able to point out

discriminant compounds in metabolomics data. Moreover, DT can

be used with other chemometric techniques to  improve the ana-

lytical research to identify active compounds as well as  to classify

unknown samples.

Conclusions

The  proposed models of OPLS-DA and DT were success-

fully applied to identify putative biomarkers of VOs displaying

good antimicrobial activity against S. mutans. Palmitic acid was

identified as the most important biomarker by  both models.

Other metabolites such as 7,8-epoxy-1-octene, cis-�-bergamotene,

methyl linolelaidate, alloaromadendrene and veridiflorol were also

correlated to good antimicrobial activity by  OPLS-DA, together with

other nine unidentified constituents. On the other hand, bornyl

acetate was associated to  samples displaying moderate antimicro-

bial activity and 4-terpineol was associated to inactive VOs by DT.

Further studies of synergism and antagonism with these metabo-

lites would be relevant to evaluate their effects when combined.

The antimicrobial activity prediction of OPLS-DA and the classi-

fication of DT were successfully applied for a VO and this result

was later confirmed by  our experimental antimicrobial assay. These

results can contribute to the development of useful strategies to

help identifying antimicrobial constituents of complex VOs.
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