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Abstract 
Main conclusion Machine-learning approaches (MLAs) for DNA barcoding outperform distance- and tree-based 
methods on identifcation accuracy and cost-efectiveness to arrive at species-level identifcation of wood. 

DNA barcoding is a promising tool to combat illegal logging and associated trade, and the development of reliable and ef-
cient analytical methods is essential for its extensive application in the trade of wood and in the forensics of natural materi-
als more broadly. In this study, 120 DNA sequences of four barcodes (ITS2, matK, ndhF-rpl32, and rbcL) generated in our 
previous study and 85 downloaded from National Center for Biotechnology Information (NCBI) were collected to establish a 
reference data set for six commercial Pterocarpus woods. MLAs (BLOG, BP-neural network, SMO and J48) were compared 
with distance- (TaxonDNA) and tree-based (NJ tree) methods based on identifcation accuracy and cost-efectiveness across 
these six species, and also were applied to discriminate the CITES-listed species Pterocarpus santalinus from its anatomi-
cally similar species P. tinctorius for forensic identifcation. MLAs provided higher identifcation accuracy (30.8–100%) 
than distance- (15.1–97.4%) and tree-based methods (11.1–87.5%), with SMO performing the best among the machine 
learning classifers. The two-locus combination ITS2 + matK when using SMO classifer exhibited the highest resolution 
(100%) with the fewest barcodes for discriminating the six Pterocarpus species. The CITES-listed species P. santalinus was 
discriminated successfully from P. tinctorius using MLAs with a single barcode, ndhF-rpl32. This study shows that MLAs 
provided higher identifcation accuracy and cost-efectiveness for forensic application over other analytical methods in DNA 
barcoding of Pterocarpus wood. 
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Introduction 

Tropical forests harbor more than half of the world’s plant 
and wild animal species, and along with temperate forests 
are the world’s sources of timbers, forest products, and 
other ecosystem services, all of which are threatened by 
forest loss (Saatchi et al. 2011; Lewis et al. 2015). Defor-
estation thus represents a massive threat to global bio-
diversity, especially preventable deforestation, whether 
due to land conversion or illegal logging. International 
eforts to prohibit or limit the trade of endangered spe-
cies have been made to combat illegal logging and associ-
ated trade (Dormontt et al. 2015; Ng et al. 2016; Bran-
calion et al. 2018), usually emphasizing the Convention 
on International Trade in Endangered Species of Wild 
Fauna and Flora (CITES), which lists species in one of 
the three appendices depending on the degree of protection 
required. By 2017, more than 500 tree species were listed 
in the CITES appendices. 

Among the species protected by the CITES Appendix 
II are Pterocarpus santalinus and Pterocarpus erina-
ceus, two of approximately 70 species in the pantropical 
genus Pterocarpus Jacq. (Leguminosae). In addition, a 
number of other species in this genus are over-harvested 
for their wood, which is prized for furniture, traditional 
medicine, and artisanal crafts (Saslis-Lagoudakis et al. 
2011). The International Union for Conservation of Nature 
(IUCN) has listed P. santalinus as endangered, P. indi-
cus as vulnerable, and P. angolensis as near threatened 
(IUCN 2017). Furthermore, P. tinctorius from Africa has 
extremely similar wood anatomical features to P. santali-
nus, and has been used as a substitute or adulterant for P. 
santalinus in the timber trade because of the much lower 
cost of P. tinctorius. Whether the driving force for wood 
identifcation is conservation, law enforcement, or to pre-
vent fraud, species-level identifcation is critically needed, 
but traditional wood anatomical identifcation is generally 
only accurate to the genus level (Gasson 2011). 

DNA barcoding is a molecular approach, based on one 
or more short genetic markers from a standard part of a 
genome, used to achieve species-level identifcations with-
out the need for expert taxonomic knowledge (Hebert et al. 
2003; Kress et al. 2005). For land plants, the combina-
tion of two chloroplast regions matK and rbcL was rec-
ommended as the universal DNA barcodes (CBOL Plant 
Working Group 2009; Pang et al. 2010). In addition, the 
nuclear internal transcribed spacer ITS2 and the plastid 
psbA-trnH were proposed as complementary barcodes for 
seed plants (Chen et al. 2010; Pang et al. 2010; Yao et al. 
2010). The main challenge for applying DNA barcoding 
to wood specimens is the extraction and isolation of qual-
ity DNA, because DNA can become severely degraded 

after being stored for a long time or having undergone 
industrial processes (Jiao et  al. 2014, 2015; Wieden-
hoeft 2014; Yu et al. 2017; Zeng et al. 2018). One way to 
overcome this problem is to choose comparatively short 
markers that are more likely to remain intact, and public 
nucleotide sequence databases provide a large number of 
reference sequences from which to build a sequence refer-
ence library for DNA barcoding analysis (Hajibabaei et al. 
2006; Ekrema et al. 2007; Hendrich et al. 2015; Xu et al. 
2015a; NCBI Resource Coordinators 2016). 

Along with a comprehensive reference library, reliable, 
and efective analytical methods to conduct DNA barcod-
ing analyses are crucial to the broadest implementation 
of DNA barcoding methods, especially in conservation 
and law enforcement contexts. Various analytical meth-
ods of DNA barcoding have been proposed to match DNA 
sequences from unidentified specimens to a reference 
library for species identifcation (Meier et al. 2006; Rach 
et al. 2008; Sarkar et al. 2008; Damm et al. 2010; Tanabe 
and Toju 2013). Distance-based methods convert DNA 
sequences into genetic distances, and defne a similarity 
threshold below which a DNA barcode is assigned to a 
given species (Zou et al. 2011). However, as coalescent 
depth may vary among species, a global overlap between 
intra- and interspecifc distances might not interfere with 
identifcation success (McArdle and Anderson 2001; Col-
lins and Cruickshank 2012; Srivathsan and Meier 2012). 
Tree-based methods assign queried DNA sequences to a 
given species based on their membership of clades in a 
phylogenetic tree, nevertheless, in the situation of species-
level paraphyly or incomplete lineage sorting, they may 
lead to incorrect or ambiguous identifcations (Lowenstein 
et al. 2009; Yassin et al. 2010). 

Machine learning aims to build algorithms that can 
receive input data and then conduct statistical analyses to 
predict an output value within an acceptable range without 
specifc step-by-step programming (Goldberg and Holland 
1988; MacLeod et al. 2010; Jordan and Mitchell 2015). For 
species discrimination, given a reference data set composed 
of DNA barcode sequences of known species (training set), 
MLAs can place unknown specimens (test set) into a spe-
cies class present in the reference library (Bertolazzi et al. 
2009), and have been applied to issues of species classif-
cation (Velzen et al. 2012; Zhang et al. 2012; Weitschek 
et al. 2013, 2014; Hartvig et al. 2015; Libbrecht and Nob-
ble 2015; Delgado-Serrano et al. 2016; More et al. 2016; 
Li et al. 2017; He et al. 2018). However, MLAs for DNA 
barcoding have not been widely compared to distance- and 
tree-based methods with regard to the criteria that are likely 
to infuence the adoption and regular application of these 
techniques forensically, specifcally identifcation accuracy 
and cost-efectiveness (Little and Stevenson 2007; Ross et al. 
2008; Collins et al. 2012). 
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In this study, 120 DNA sequences of four barcodes 
(ITS2, matK, ndhF-rpl32, and rbcL) generated in our previ-
ous study and 85 downloaded from NCBI were collected to 
establish a reference data set for six commercial Pterocarpus 
woods. MLAs (BLOG, BP-neural network, SMO and J48) 
were compared with distance- and tree-based methods based 
on identifcation accuracy and cost-efectiveness across 
these six species, and also were applied to discriminate the 
CITES-listed species P. santalinus from its anatomically 
similar species P. tinctorius for implementation in forensic 
wood identifcation. 

Materials and methods 

Data set construction 

A total of 120 sequences generated in our previous study 
(Jiao et al. 2018) and 85 sequences downloaded from NCBI 
representing four DNA barcodes, ITS2, matK, ndhF-rpl32 
and rbcL (Supplementary Table S1) were assembled to 
establish the reference data set for DNA barcoding analysis 
of six Pterocarpus timber species, i.e., Pterocarpus angolen-
sis DC., Pterocarpus indicus Willd., Pterocarpus macrocar-
pus Kurz, Pterocarpus santalinus L.f., Pterocarpus soyauxii 
Taub. and Pterocarpus tinctorius Welw. Sequences were 
aligned using Clustal X2.0 (UCD Conway Institute, Dub-
lin, Ireland) with a fnal manual adjustment in BioEdit v.7.0 
(Ibis Therapeutics, Carlsbad, CA, USA) and then combined 
to multivariable combinations manually. 

Among the six wood species and four barcodes, a total of 
205 unique sequences were compiled, 120 from Jiao et al. 
2018, and 85 from NCBI (Table 1). From these we estab-
lished 162 single barcodes and 373 combined barcodes as 
our reference data set, and for our test data set from non-
vouchered wood specimens 43 single barcodes and 96 com-
bined barcodes. 

Machine‑learning analysis 

DNA sequences were analyzed using MLAs of the type bar-
coding with logic (BLOG) software version 2.4 (National 
Research Council, Roman, Italy) with the following input 
parameters for feature extraction: a maximum number of 50 
features chosen (BETA =50), a maximum of 1000 iterations 
(GRASPITER = 1000), and a maximum time of 120 s for 
analysis (GRASPSECS = 120) (Velzen et al. 2012). BLOG 
reported the successful classifcation rates for both the train-
ing set and the test set, and generated logic rules to dis-
criminate the six Pterocarpus species in terms of diagnostic 
characters. 

BP-neural network analysis was conducted using “Bar-
codingR”, which is an R package developed by Zhang et al. 

Table 1 Number of DNA sequences of four barcodes and their com-
binations in the reference and query data set 

Single barcodes and combina- Reference data Query data set 
tions set 

NCBI Jiao Jiao et al. (2018)
et al. 
(2018) 

ITS2 22 18 8 
matK 20 20 13 
ndhF-rpl32 14 22 13 
rbcL 29 17 9 
ITS2 + matK 20 18 8 
ITS2 + ndhF-rpl32 14 18 8 
ITS2 + rbcL 22 17 8 
matK + ndhF-rpl32 14 20 13 
matK + rbcL 20 17 9 
ndhF-rpl32 + rbcL 14 17 9 
ITS2 + matK + ndhF-rpl32 14 18 8 
ITS2 + matK + rbcL 20 17 8 
ITS2 + ndhF-rpl32 + rbcL 14 17 8 
matK + ndhF-rpl32 + rbcL 14 17 9 
ITS2 + matK + ndhF- 14 17 8 

rpl32 + rbcL 
Total 535 139 

(2008, 2017). The function “optimize.kmer” was ran to cal-
culate the optimal k-mer length for every barcode and com-
bination, and then used to conduct the BP-based analysis 
using the function “bbsik” in R version 3.4.2. The confusion 
matrix of six Pterocarpus species was output showing the 
identifcation accuracy. 

Sequential Minimal Optimization (SMO), the implemen-
tation of Support Vector Machine (SVM) in Waikato Envi-
ronment for Knowledge Analysis (WEKA) workbench (The 
University of Waikato, Hamilton, Waikato, New Zealand) 
was employed to analyze our DNA barcodes, using reference 
and query data sets for training and testing, respectively. The 
linear kernel was used to compute attribute weights between 
every two species and the number of kernel evaluations was 
calculated for the binary SMO. The SMO separated all the 
reference species in the trained model, and this model was 
then used to identify the query sequences. 

J48, the implementation of a decision tree algorithm in 
WEKA, was applied to train rules based on the reference 
data set, and then, the resultant rules were used to identify 
the query sequences. For the training process, J48 chooses 
the attributes that can efectively split the set of training 
data into subsets, and then, the attributes with the highest 
normalized information gain are used to make the decision 
to separate diferent species (Patel and Upadhyay 2012). 

The “.fasta” files of barcode sequences were con-
verted to “.arff” format using “Fasta2Weka” programme 
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provided by WEKA for MLAs. The reference data sets 
were input as training sets, and the query data sets were 
input as test sets. The MLAs programmes output the iden-
tification accuracy and confusion matrix. The successful 
identification rates of MLAs were defined as the percent-
age of the correctly classified sequences in the query data 
set, as were distance-based and tree-based analysis. 

Distance‑based analysis 

The Kimura two-parameter (K2P) distances between 
all sequence pairs were calculated in TaxonDNA 1.7.8 
(National University of Singapore, Singapore), and then, 
the “best match” and “best close match” functions in Tax-
onDNA were applied to test all four barcodes and their 
combinations under the K2P distance model (Meier et al. 
2006). 

Tree‑based analysis 

Phylogenetic analysis was conducted in MEGA 5.05 
(Pennsylvania State University, State College, PA, USA) 
with the p-distance model. Unrooted Neighbor Joining 
(NJ) trees were constructed with 1000 bootstrap replica-
tions and only clades that appeared in > 50% of the trees 
were retained. Specimens were considered successfully 
identified when the query sequence was found within a 
cluster consisting exclusively of two or more reference 
sequences (Yan et al. 2015). 

Results 

Identifcation accuracy and cost‑efectiveness 
of diferent analytical methods 

The identifcation success rates of MLAs, distance- and 
tree-based methods based on the four barcodes and their 
combinations are listed in Table 2. For BLOG analysis, 
the identifcation accuracy ranged from 30.8% (matK) to 
100% (ITS2 + matK + ndhF-rpl32 + rbcL), and a set of 
logic rules in terms of diagnostic loci were output for dis-
crimination of six Pterocarpus species (Table S2). The 
identifcation success rates of BP-neural network based 
on four barcodes and their combinations were over 50% 
(Supplementary Fig. S1), of which the three-locus combi-
nation ITS2 + matK + rbcL achieved the highest accuracy 
(Fig. 1). SMO and J48 ran by WEKA showed similar iden-
tifcation accuracy for all the barcodes and combinations. 
The three-locus combinations ITS2 + matK + ndhF-rpl32 
and ITS2 + matK + rbcL, and the four-locus combination 
ITS2 + matK + ndhF-rpl32 + rbcL provided the best per-
formance (100%) for discriminating the six Pterocarpus 
species when using SMO and J48. Furthermore, the two-
locus combination ITS2 + matK succeeded in separating 
six Pterocarpus species when running SMO programme, 
and the criterions for assessing of SMO classifer achieved 
the highest accuracy (Supplementary Fig. S2). J48 out-
put the logic rules to decide the classifying species by 
the diagnostic loci in shape of fowchart-like structure 
(Supplementary Fig. S3), and the decision tree generated 

Table 2 Identifcation success rates of MLAs, distance- and tree-based methods based on four barcodes and their combinations 

  
  
  
  
  

  
    
    
    
    
      

Single barcodes and combinations BLOG (%) BP-neural 
network (%) 

WEKA (%) 

SMO J48 

TaxonDNA (%) 

Best match Best close 

NJ tree (%) 

match 

ITS2 87.5 87.5 87.5 87.5 83.3 83.3 87.5 
matK 30.8 64.2 84.6 76.9 15.1 15.1 15.4 
ndhF-rpl32 30.8 61.5 46.2 46.2 30.6 30.6 15.4 
rbcL 55.6 54.6 55.6 44.4 18.2 18.2 11.1 
ITS2+matK 97.5 98.7 100 87.5 91.2 55.9 75 
ITS2+ndhF-rpl32 87.5 97.8 87.5 87.5 80 54.3 75 
ITS2+ rbcL 85.7 95.2 85.7 85.7 71.4 45.7 71.4 
matK +ndhF-rpl32 84.6 89.4 84.6 84.6 76.5 61.8 64.3 
matK + rbcL 74.4 83.7 88.9 88.9 35 30 44.4 
ndhF-rpl32 + rbcL 75.6 82.1 82.6 66.7 61.8 44.1 55.6 
ITS2+matK +ndhF-rpl32 87.5 97.4 100 100 97.4 97.4 85.7 
ITS2+matK + rbcL 92.7 100 100 100 95.1 90.2 87.5 
ITS2+ndhF-rpl32 + rbcL 85.7 97.4 83.3 83.3 79.5 76.9 71.4 
matK+ndhF-rpl32 + rbcL 88.9 95.3 88.9 88.9 72.1 69.8 77.8 
ITS2+matK +ndhF-rpl32 + rbcL 100 97.4 100 100 94.7 94.7 87.5 
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Fig. 1    Confusion matrix of BP-neural network generated by 
ITS2 +  matK  +  rbcL showing classifcation results of the query 
sequences 

by ITS2 + matK + rbcL is provided as Fig. 2. Both “best 
match” and “best close match” functions of TaxonDNA 
provided the identifcation accuracy ranging from 15.1 to 
97.4%, which is slightly higher than NJ tree (11.1–87.5%). 
However, TaxonDNA (Supplementary Fig. S4) and NJ tree 
(Supplementary Fig. S5) methods failed to discriminate 
the six Pterocarpus species. 

Comparison of different analytical methods on cost-
efectiveness, BLOG requires four-locus combination to 

discriminate the six Pterocarpus species successfully. The 
approaches of BP-neural network and J48 need at least three-
locus combination to arrive at the species discrimination. 
Instead, the SMO classifer could separate the six Pterocar-
pus species with only two-locus combination, ITS2 + matK. 
Our previous study (Jiao et al. 2018) demonstrated the three-
locus combination (matK + ndhF-rpl32 + ITS2) was neces-
sary to separate these six Pterocarpus species when using 
TaxonDNA and NJ tree methods. The results provided here 
showed that the MLAs type of SMO could reduce the cost 
of candidate barcodes for these species. 

Species discrimination between P. santalinus and P. 
tinctorius using MLAs 

The results of discrimination between P. santalinus and P. 
tinctorius using MLAs are shown in Fig. 3. BLOG showed 
that the two species could be separated based on the diag-
nostic locus of position 51, namely, “if position 51 is G, 
then the species is P. santalinus; if position 51 is T, then the 
species is P. tinctorius”. The results of the BP-neural net-
work indicated that 4 query sequences of P. santalinus and 2 
query sequences of P. tinctorius were successfully identifed 
with high probability (0.977 and 0.952, respectively). SMO 
provided variable hyperplanes for separating the two species 
with normalized attribute weights, of which position 51 pre-
sented the optimal hyperplane for separating 18 sequences 
of P. santalinus from 15 sequences of P. tinctorius. J48 also 
presented the logic decisions to recognize the two species 
based on position 51 of the sequences, which was consist-
ent with the result of BLOG and SMO. In this regard, any 
of the MLAs but the BP-neural network correctly identifed 
a simple, single-position, species-specifc character for spe-
cies identifcation. 

Fig. 2 Decision tree for discrimination of six Pterocarpus species produced by ITS2 +matK + rbcL 



1622 Planta (2019) 249:1617–1625 

1 3

 

 

 

 

   
 

 
 
 
 
 

 
 
 

 

 
 
 

 

 
    

 
 
 

   
 

   

 
 

Fig. 3 Results of discrimina-
tion between P. santalinus and 
P. tinctorius using MLAs. a 
BLOG. b BP-neural network. c 
SMO. d J48 

Discussion 

Comparison of diferent analytical methods based 
on identifcation accuracy and cost‑efectiveness 

The results showed that MLAs exhibit higher identifcation 
accuracy than distance- and tree-based methods. The MLAs 
achieved the highest resolution with various multiple-locus 
combinations, while both the distance- and tree-based meth-
ods failed to provide a 100% accuracy, even using any combi-
nation of the four barcodes. Specifcally, the six Pterocarpus 
species could be separated with 100% accuracy by the SMO 
classifer using the two-locus combination ITS2+ matK. The 
main objective of the SMO is to maximize the margin, which 
is the distance between the hyperplane and the closest vec-
tors to it from both classes (Nalepa and Kawulok 2018). 
For cases where no linear separation is possible, the SMO 
can work in combination with the “kernel function”, which 
can automatically realize a non-linear mapping to a feature 
space. Hartvig et al. (2015) tested three markers (ITS, matK 
and rbcL) on thirty-one Dalbergia species and compared 

their discrimination ability with distance-based, tree-based 
and machine learning methods, showing that TaxonDNA 
and SMO classifer gave the highest correct identifcation 
rates. In addition, our previous study (He et al. 2018) estab-
lished a reference data set with DNA sequences of selected 
barcodes (ITS2, matK, trnH-psbA and trnL) and their com-
binations for DNA barcoding analysis of eight Dalbergia 
species and investigated the efciency of machine learning 
approaches for wood species identifcation, and the results 
indicated that the SMO classifer performed the best on dis-
crimination of eight endangered Dalbergia timber species 
and identifcation of non-vouchered wood specimens. 

In our prior work on the DNA barcoding of Pterocar-
pus wood, we showed that the three-locus combination 
matK + ndhF-rpl32 + ITS2 was the best barcode combi-
nation when species discrimination was done using dis-
tance-based or tree-based methods (Jiao et al. 2018). In 
this expanded work here, we found that 100% accuracy 
could be attained with only two barcodes in combination, 
ITS2 + matK, when species discrimination was done using 
the SMO classifer, which reduces the downstream cost of 
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barcoding these woods, as only two loci must be ampli-
fed, sequenced, and analyzed. This result is signifcantly 
meaningful to the DNA barcoding of wood, because it 
is still challenging to extract high-quality and quantity 
DNA from wood tissues, especially for the dry and aged 
wood in the trade (Jiao et al. 2014, 2018). Overall, barcode 
combinations involving ITS2 achieved better performance 
for species discrimination in this study, as well as in pre-
vious studies, due to the relatively strong discrimination 
power of ITS2 as a single barcode (Yao et al. 2010; Han 
et al. 2013, 2016; Xu et al. 2015b; Parveen et al. 2017; 
Yu et al. 2018). The two-locus combination ITS2 + matK 
is sufcient for discriminating the six Pterocarpus spe-
cies based on the MLAs, and outperforms the three-locus 
combination of matK + ndhF-rpl32 + ITS2 proposed by 
our previous study. The use of SMO classifer in this study 
reduced the required barcodes number from three to two 
when discriminating the six Pterocarpus species based 
on the current database. This is a particularly important 
result considering the broad use of these markers in phy-
logenetic research and thus their availability in sequence 
databases for a wide range of taxa. Once a comprehensive 
and reliable reference library of DNA barcode sequences 
for endangered species was established with the boom of 
molecular data, MLAs are promising tools to deal with 
large scale of data and signifcantly reduce the human 
labor and cost for DNA barcoding of wood. 

Species discrimination between P. santalinus and P. 
tinctorius using MLAs 

P. santalinus, a CITES-listed species, exhibits extremely 
similar wood anatomical features with P. tinctorius, which 
is not a CITES-listed species and has much lower eco-
nomic value. Consequently, showing that the mini DNA 
barcode, ndhF-rpl32 can discriminate P. santalinus from 
P. tinctorius is critical for the implementation of CITES 
enforcement and the monitoring of timber trade. Based on 
our sequences, separation could be achieved without any 
special computation and a human evaluating the sequence 
at position 51 (Fig. 3). MLAs output reliable and readable 
identifcation results (Fig. 3) with most cost-efectiveness 
mini barcode, ndhF-rpl32, for users to separate P. santali-
nus from P. tinctorius in the forensic wood identifcation. 
Another possible method, which would preclude the need 
for sequencing the barcode after PCR, would be to deter-
mine if a restriction enzyme would recognize the sequence 
including position 51 in one species and not in the other. 
In such a case, amplifying ndhF-rpl32, digesting with the 
targeted endonuclease, and then running a gel would pro-
vide species-level identifcation (Little 2014). 

Application of MLAs for DNA barcoding 
in the conservation of Pterocarpus wood 

Biodiversity conservation has rapidly become an interna-
tional concern in part due to the sharp increase of illegal 
logging and over-exploitation of forest resources around the 
world (Lowe et al. 2016), and illegal logging imposes huge 
threats to the conversation of Pterocarpus wood. The appli-
cation of DNA barcoding to identify the species of interna-
tionally traded timber has attracted increasing interest as a 
potential part of global systems to support sustainable for-
estry and especially to reduce illegal logging (Hartvig et al. 
2015; Hassold et al. 2016; Yu et al. 2017; He et al. 2018; 
Jiao et al. 2018). In this study, MLAs provided higher iden-
tifcation accuracy than distance- and tree-based methods. 
In addition, MLAs could discriminate the six Pterocarpus 
wood with only two-locus combination ITS2 + matK, and 
separate CITES-listed species P. santalinus from its ana-
tomically similar species P. tinctorius with mini barcode 
ndhF-rpl32, based on the reference data set we established, 
which verifed the feasibility of MLAs in the application of 
conservation of Pterocarpus wood to combat illegal log-
ging. For the broad forensic application of DNA barcoding, 
an international scientifc DNA barcode reference library 
for endangered timber species based on the world’s xylaria 
should be established (Robinson and Sinovas 2018). With 
such a reference library, MLAs could provide strong dis-
crimination power and enhance the application of DNA 
barcoding as a tool for conservation of endangered timber 
species, and thus help to combat illegal logging and protect 
forests for future generations. 

Conclusion 

Two considerations for the application of DNA barcoding 
analytical methods in a forensic or conservation context are 
identifcation accuracy for testing unknown specimens and 
cost-efectiveness of candidate barcodes. The results pro-
vided in this study demonstrated that MLAs showed higher 
identifcation accuracy on species discrimination of six 
Pterocarpus species over TaxonDNA and NJ tree methods; 
specifcally, SMO classifer exhibited the best performance 
with variable barcode combinations. In addition, only two-
locus is necessary for combination (ITS2 + matK) to sepa-
rate these six Pterocarpus species successfully, which is 
more efcient than the three-locus combination provided 
in our previous study and reduces the downstream cost of 
the DNA barcodes of these wood in this study. This study 
shows that MLAs provide higher identifcation accuracy and 
cost-efectiveness over other analytical methods to arrive at 
a species-level identifcation of wood. The results demon-
strated in this study verifed MLAs as a reliable and efcient 
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tool for the DNA barcoding of wood, which can be applied 
in combatting illegal logging and conservation of endan-
gered species broadly. 
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