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Abstract  18 

DNA barcodes are standardized sequences that range between 400-800 bp, vary at different 19 

taxonomic levels, and make it possible to identify individuals of species that have been previously 20 

assigned taxonomically. Several barcodes have been identified in different groups in the tree of life. 21 

However, there are groups that lack an accurate DNA marker, and even more so, accurate strategies 22 

that enable verification of their taxonomic affiliation. Several DNA barcodes have been postulated 23 

for plants, nonetheless, their classification potential has not been evaluated for metabarcoding, and 24 

as a result, it would appear as no one of them excels above the others in this area. One tool that has 25 

recently gained traction is Naïve Bayesian Classifiers; this type of classifier is based on the 26 

independence of attributes and the allocation of categories in each context. The present study aims 27 

at evaluating the classification power of several plant genetic markers that have been proposed as 28 

barcodes (trnL, rpoB, rbcL, matK, psbA-trnH and psbK) using a Naïve Bayesian Classifier, in order 29 

to determine the markers with higher performance at different taxonomic levels for metabarcoding 30 

analysis and to identify problematic genera at the time of species assignment. We propose matK 31 

and trnL as potential candidates up to the genus assignment. Some problematic genera (Aegilops, 32 

Gueldenstaedtia, Helianthus, Oryza, Shorea, Thysananthus and Triticum) within certain families 33 

in a sample could lead to misclassification no matter which marker is used. Finally, we propose 34 

recommendations when performing taxonomic identification analysis of plants in samples with 35 

multiple individuals. 36 

Keywords: Plants, Naïve Bayesian Classifier, Metabarcoding, Taxonomic, matK, trnL 37 

 38 
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Introduction  39 

In recent years, DNA barcoding has been proposed as a method to survey biodiversity in the field 40 

by using molecular methods (Groos, 2012). DNA barcodes were proposed originally for animal 41 

classification (Herbert et al., 2004), but later, they were proposed for plants as well (Kress & 42 

Erickson, 2007). DNA barcoding represents an efficient and effective tool for the identification of 43 

cryptic or invasive species, conservation and community ecology (Hollingsworth et al., 2011). This 44 

tool is based on conserved DNA biomarkers with more interspecific than intraspecific variability 45 

creating a barcoding gap (Čandek & Kuntner, 2015), which means the possibility to identify the 46 

identity of an organism at different taxonomic levels. An appropriate marker must have the 47 

following characteristics: a) a significant genetic diversity and variability, based on the desired 48 

resolution of the barcode, with conserved flanking sites to enable primer design b) an appropriate 49 

size for DNA extraction and amplification protocols, and c) to be as generalist as possible, i.e., it 50 

should be present in all the taxon that want to be classified (Kress et al., 2005; CBOL Plant Working 51 

Group, 2009). In recent years, advances in sequencing technologies have opened the possibility of 52 

ecological surveys based on sequencing data. Examples of these are the 16S rRNA gene in 53 

prokaryotes, the ITS region in fungi, the 18S rRNA gene in eukaryotes and the cytochrome oxidase 54 

I (COI) in animals. Despite these advances there are several taxonomic groups for which no ideal 55 

marker has been found for classification purposes or metabarcoding analysis. 56 

In plants, based on exhaustive revisions of mitochondrial, nuclear and chloroplastic genomes, three 57 

regions have been proposed for barcode design. Those are rbcL, matK and ITS2 (CBOL Plant 58 

Working Group, 2009; China Plant BOL Group, 2011). However, none of them have the precision 59 

as COI for animals (Pang et al., 2012). They are not resolutive for groups like lichens, bryophytes 60 
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and ferns (Kress & Erickson, 2007) and are ineffective for samples with degraded or fragmented 61 

DNA (Mallott et al., 2018). As a result, other regions like trnL, psbA-trnH and psbK-I have been 62 

proposed. Likewise, the presence of disruptions due to differences in the demography of species, 63 

or rare but recorded events in which different species share the same haplotype, generate the need 64 

for new strategies such as the combination of markers and the evaluation of different regions (Wang 65 

et al., 2017; Pang et al., 2012; Xiao-Xian & Zhe-Kun, 2007; Mallott et al.,2018; CBOL, 2009). 66 

Since the majority of these markers (matK, rbcL, trnL, psbA-trnH, psbK-I, rpoB) have been studied 67 

on specific plant families, their potential for general taxonomic classification of metabarcoding 68 

samples like one with multiple individuals (fecal or soil samples) is still unknow (Korotkova et 69 

al.,2011; Seberg & Petersen, 2009; Gere et al., 2013; de Groot et al., 2011; Lee et al., 2017; 70 

Diekmann et al., 2012; Gillespie et al., 2009; Lahaye et al., 2008; Nicolalde-Morejón et al., 2010). 71 

Therefore, emerging strategies combining markers such as matK+rbcL could represent a better 72 

approximation for some plant groups species; nevertheless, evaluation of genes distantly located, 73 

or that require multiple amplicons, are not suitable for metabarcoding analysis since it is currently 74 

impossible to link both amplicons to a given origin or DNA molecule. 75 

One tool that has recently gained notoriety in taxonomic identification are Naïve Bayesian 76 

Classifiers. This tool corresponds to a machine learning technique that generates a supervised 77 

classification model based on a training set which is then tested in an independent test set. This 78 

technique is based on the Bayes theorem, and assumes that every variable has an equal effect in 79 

the outcome, assuming independence of the variables. Each variable (or parameter) must be learned 80 

by the classifier on the training set. This simple model allows for the evaluation of huge datasets. 81 

Moreover, effectiveness of this classifier has been demonstrated on applications such as text 82 
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classification, medical diagnostics and applications for data administration (Domingos & Pazzani, 83 

1997; Hellerstein et al., 2000). Databases like the Ribosomal Database Project (RDP), and 84 

software such as qiime2 and mothur use Bayesian approaches for the classification of nucleic acid 85 

sequences (Wang et al., 2007; Bolyen et al., 2018; Bokulich et al., 2018; Schloss et al., 2009). To 86 

use Bayesian Classifiers in taxonomic classification a reference set of DNA sequences with their 87 

respective taxonomic labels is required. Here, sequence classification depends on the type of 88 

marker, the training set and length of the k-mer (Werner et al., 2012). The present study proposes 89 

an evaluation of the classification power of several plant biomarkers (matK, rbcL, trnL, rpoB, psbA-90 

trnH, psbK-I) using a Naïve Bayesian Classifier, and analyzing their performance when 91 

considering variables such as marker selection, and representativity in databases. Finally, we 92 

provided a statistical evaluation of the different marker performance based on confusion matrix 93 

analysis of frequency and distribution of sensitivity and accuracy (F1 score). 94 

 95 

Materials and Methods 96 

Data preparation 97 

Six chloroplastic markers (trnL, rpoB, rbcL, matK, psbA-trnH and psbK) were chosen based on 98 

representation in public databases and prevalence in literature. Sequences were downloaded from 99 

Genbank on September of 2018 using as entrez query: txid3193 (corresponding to embriophyta), 100 

with minimum length of 50 bp (e.g: txid3193[Organism:exp] AND tRNL[Gene Name] AND 101 

50:400000000[Sequence Length] NOT UNVERIFIED [Title]). The same query was used for each 102 

of the other markers (matK, rbcL, rpoB, psbA-trnH, psbK-I) by replacing the corresponding gene 103 

name. Sequences were downloaded in Genbank format and imported into Geneious R9 (Biomatters, 104 



Running headline: Plants barcode evaluation by Bayesian classifier 

 

6 
 

NZ). Features (genes) were extracted in FASTA format using the “extract annotations” feature of 105 

Geneious. Taxonomic distribution per marker is represented in Table 1. Accession numbers per 106 

marker are available in Supplementary Table 1.  107 

 108 

Extraction of taxonomic information from gene markers 109 

The accession number of each sequence was used to download the corresponding taxonomic 110 

information from NCBI’s taxonomy. Taxonomic information per sequence was organized into the 111 

corresponding taxonomic levels Phylum (P), Class (C), Order (O), Family (F), Genus (G) and 112 

Species (S). This was done using in-house scripts wrapped around the software ETE (Huerta-Cepas, 113 

et. al. 2016). The taxonomic information was assigned to every sequence following the pattern of 114 

the Greengenes database for bacterial classification (DeSantis et al., 2006). 115 

Dataset balancing 116 

In order to reduce possible biases in the data (over- or under-representation of certain species), 117 

each DNA marker was balanced according to the number of sequences present at the species level. 118 

Two different datasets were generated for each molecular marker: The first one with species having 119 

a minimum of 2 sequences and a maximum of 20 sequences per species (dataset 2-20), and the 120 

second one having a minimum of 5 sequences and a maximum of 20 sequences per species (dataset 121 

5-20). For both cases, species that had more than 20 sequences were randomly subsampled to 20 122 

sequences. The 5-20 dataset was generated in order to evaluate the performance of every marker 123 

on general classification, on the other hand, 2-20 dataset was only used to determine dataset bias 124 

in marker classification.  125 
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Classification Algorithm 126 

We used the Naïve Bayesian Classifier as implemented in MOTHUR (Schloss et al., 2009). Each 127 

dataset is divided into one set of training and the other one of testing. Performance of the method 128 

and the classification power of the marker was evaluated with the test set. Biological sequences 129 

were decomposed into a vector of words of certain size k (k-mers) derived from the original DNA 130 

(Werner et al., 2012). Taxonomic assignment was determined by the Bayes’ rule as implemented 131 

in MOTHUR, k-mer size was set to values between 8 and 10. For Bootstrap confidence estimation, 132 

1/8 of the of the k-mer words were chosen randomly for every trial, and the words in each subset 133 

were then used to calculate the joint probability (Wang et al., 2007). This procedure was repeated 134 

for 100 iterations. The result was used as confidence estimate in the assignment. We only 135 

considered for the analysis assignments with 50% bootstrap or higher. As cross-validation 136 

methodology, we chose the “leave-one-out” method (Wang et al., 2007), as it is one of the most 137 

exhaustive cross validation methods. Briefly, one sequence is extracted from the dataset, the 138 

remaining sequences are used to train the Bayesian Model and then, the extracted sequence is 139 

assigned base on the recently trained model. This procedure was repeated in every marker for every 140 

sequence of the data set. The final model was generated and, which is compatible with tools such 141 

as MOTHUR and Qiime2, is available here.  142 

Statistical and graphical analysis 143 

The programrogram RStudio version 1.1.456 (RStudio Team, 2015) was used for graphic and 144 

statistical analysis, based on the packages latticeextra (Sarkar & Sarkar, 2016), kableextra (Zhu, 145 

2019), ggplot2 (Wickham, 2016), and caret (Kuhn, 2015). The caret package was used to build the 146 

confusion matrix and the calculation of F1 score for every species in the 5-20 data set. Based on 147 

https://osf.io/qtz59/?view_only=538ab7719073498abfaea0ab1b29d2ba
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the results of the Naive Bayesian Classifier we extracted actual and predicted labels for every 148 

marker and used them to calculate frequency of assignment. This information was represented on 149 

a heatmap. We selected genera with the lowest classification scores – F1 (< 0.25) – in order to 150 

identify variables that may be responsible for constitutive misclassification of the sequences. A 151 

multiple sequence alignment (MSA) analysis was performed in Muscle V3.81 (Edgar, 2004) in 152 

order to explore the low score of species assignment within low performing genera. The graph has 153 

been elaborated base on the graphic tool for alignment evaluation AliView (Larsson, 2014). 154 

  155 
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Results  156 

Dataset exploration 157 

In this study we used two different datasets (5-20) and (2-20) in order to determine marker 158 

performance and dataset bias, respectively, for plant classification in metabarcoding. The 159 

taxonomic distribution is shown in Table 1. Sequence and species count for both 2-20 and 5-20 160 

datasets is presented in Table 2, showing the highest number of genera and species for markers 161 

trnL, rbcL and matK. Moreover, rbcL was the marker with the highest number of sequences and 162 

trnL appears to be the marker where most species have less than 5 sequences available in databases 163 

(Table 2). Is important to notice the high increase in the number of species that only contain 164 

between 2-5 sequences deposited in the database but using such a low number of observations 165 

might lead to decreased accuracy in classification, justifying the selection of both datasets. 166 

Distribution of bootstrap values 167 

Classification with the Naïve Bayesian Classifier was used as implemented in MOTHUR as 168 

described in methods, for both datasets at all taxonomic levels. At higher taxonomic levels, 169 

classification was more accurate. In turn, accuracy was most challenged at lower levels such as 170 

genus and species. At the genus level, most of the assigned sequences exhibit bootstrap values 171 

above 90% of confidence, regardless of the marker used, whereas for species, confidence in the 172 

classification is decreased, with more values in the (60-69) and (70-79) range, with trnL as a good 173 

example (Figure 1, Supplementary figure 1), however, the largest bin corresponded to those 174 

assigned with >95% bootstrap at both data sets. Furthermore, when establishing a bootstrap cut-175 

off of 80%, in all cases we observed over 60% of the assignments above such cut-off, even at the 176 
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species level. We thus selected an 80% bootstrap as a threshold for subsequent analyses and only 177 

treated results above that value as “trusted” assignments. Results with lower bootstrap values were 178 

considered as “misclassified”, even if the assignment was correct. 179 

Marker performance and dataset bias 180 

Using sequences with a classification bootstrap above 80%, we tested the accuracy at different 181 

taxonomic levels. The average accuracy of phylum, class, order and family for every marker, on 182 

the 5-20 and 2-20 dataset was above 98% of correctly assigned sequences (Figure 2a, b). This 183 

implies a similar classification power for all the markers at these taxonomic levels. However, 184 

performance has a sharp decline at genus and species level, with genus at about 90% and species 185 

at about 70% of correctly assigned sequences for the 5-20 dataset (Figure 2a). There was a 186 

significant difference in performance between the 5-20 vs 2-20 datasets, with the former displaying 187 

a better performance at genus and species levels (95% and 80%, respectively; Figure 2a), than the 188 

latter (85% and 70%, respectively; Figure 2b). Thus, evidencing the impact of low represented 189 

taxons in the classification power of the algorithm. In consequence, we selected the 5-20 dataset 190 

for subsequent analyses. 191 

We evaluated the performance of each marker at the genus and species level (Figure 3). We observe 192 

that matK and trnL are the markers with the highest rate of correct assignments at the genus level. 193 

For species, matK and rpoB seems to be the best markers (fewer incorrect assignments); however, 194 

at this level none of the markers surpass 95% assignment accuracy (the number of sequences per 195 

marker are represented in Table2).  196 
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Using classifiers on problematic genera 197 

In general, fewer than 15% of the sequences were misclassified at the species level. Furthermore, 198 

those misclassified sequences tend to belong to a reduced number of genera. Hence, we decided to 199 

identify the genera with the lowest classification performance at the species level in order to 200 

determine potential reasons for their problematic classification. The F1 metric was chosen because 201 

it represents the balance between correct and incorrect classifications (sensitivity and precision) 202 

without being weighted by the large abundance of true negatives. A frequency confusion matrix 203 

was constructed using real and predicted taxonomic assignments for the 5-20 dataset. All data and 204 

calculations are available in Supplementary Table 2. The F1 was calculated as an average of all the 205 

species within the genus, thus obtaining one F1 score per genus per marker. The respective 206 

cumulative percentage of genus classification for every marker based on the F1 is shown in Figure 207 

4. We found that approximately less than 10% of the genera had an F1 score below 0.25, whereas 208 

65% of the genera were above 0.90 for every marker. Further analyses with the genera that showed 209 

an F1 score < 0.25 for any marker, showed that 44.59% of those genera were able to be classified 210 

correctly by at least one other marker, 45.95% of those genera were represented by only one marker 211 

in the dataset, thus there was no further information to evaluate the genus, and the remaining 9.46% 212 

of the genera were misclassified by multiple markers, constituting an important dataset for further 213 

analysis into the possible causes of multiple misclassification for those genera. We call these genera 214 

“problematic genera”. Further details regarding the three categories based on the F1 score are 215 

available in Supplementary Table 2. 216 

Among the problematic selected genera, seven showed consistent problematic assignments 217 

(Aegilops, Gueldenstaedtia, Helianthus, Oryza, Shorea, Thysananthus and Triticum), and no 218 
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marker was efficient at classification for these taxa. The heatmap in Figure 5 shows the widespread 219 

classification problems in these genera (Figure 5 a, b, c, d, e, f). Most of the misclassification 220 

problems occur between species originating in the same genus; however, some misclassifications 221 

are also seen at the genus level of the family Poaceae between Aegilops and Triticum (Figure 5a, 222 

b, d, f), for markers psbK, rbcL, matK and rpoB. Finally, we performed an analysis of problematic 223 

genera and their respective species for every marker by an MSA in order to understand if the low 224 

performance of the assignment task is correlated with low intraspecific variability (Figure 6).  225 

Discussion 226 

Here we show an evaluation of the most relevant markers used in literature for plant classification, 227 

using one of the methods that has demonstrated greater effectiveness of classification in 228 

metabarcoding and with the maximum number of sequences that can be obtained in public 229 

databases. This process was performed in order to the identify the markers with higher accuracy at 230 

different taxonomic levels for metabarcoding analysis and to identify problematic genera at the 231 

time of species assignment. Perhaps not surprisingly, rbcL was the marker with the highest number 232 

of sequences, given that historically it has been the most used marker (Hollingsworth et al., 2011, 233 

Kress & Erickson, 2007). On the other hand, trnL has the highest number of species, probably 234 

related to the fact that trnL has extremely well conserved primers, robust enough to amplify 235 

samples from Bryophytes to Angiosperms or Gymnosperms to Angiosperms (Taberlet et al, 2007). 236 

This amplification advantage likely leads to the great number of species reported on GenBank, 237 

since a robust system will motivate scientists to use this region, increasing the number of available 238 

sequences in databases.  239 
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Our comparative results between the 5-20 and 2-20 datasets show that better performance is 240 

achieved with datasets with good representation per class (5-20 dataset), rather than with datasets 241 

with a higher number of classes, but lower representation per class. This is likely due to the fact 242 

that a better sequence representation per class is an important factor in most supervised 243 

classification methods and outweighs the fact of having more classes but with less representation 244 

per class. It further highlights the importance of increasing the reports of sequences from different 245 

taxonomic lineages in public databases, since only a good representation of a given lineage will 246 

allow a proper model training for accurate classification. One idea to solve the problem in genera 247 

and species with low representation, is the use of HMMs consensus based of the real sequences 248 

and then, used as a model to increase the number of data for these categories. Although this would 249 

imply a bias, it would allow us to evaluate if it is possible to increase the percentage of assignment.   250 

Bayesian classifiers have been successfully used in metabarcoding strategies, and when coupled 251 

with k-mer frequency have shown very high accuracy as implemented in MOTHUR and Qiime2. 252 

The method employed has the added benefit of bootstrapping the k-mers used to reduce the chance 253 

of over-fitting and guaranteeing that no single k-mer is responsible for a given classification. Thus, 254 

classifications with high bootstrap values show the robustness of the method. In our case, we 255 

needed to find a balance between high confidence in the assignment, given by the bootstrap value, 256 

and high percentage of classification. We were able to select a value of bootstrap of 80%, which 257 

allowed the classification of over 80% of the sequences at species level and over 95% of the 258 

sequences at the genus level or above, while keeping an accuracy of over 96% for genus and 87% 259 

for species for all markers. For species, matK and rpoB appear to be the best markers (fewer 260 

incorrect assignments); however, at this level none of the markers surpass 95% of assignment 261 
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accuracy. This level of accuracy, which is acceptable in other fields of machine learning, is 262 

probably too low to be considered a “good classifier” at the species level. According to this result, 263 

it is recommended to use markers above the 98% threshold at the genus level, which are matK and 264 

trnL.  265 

 266 

When analyzing the performance of the individual markers we want to highlight matK and its 267 

performance on taxonomic assignment, even with datasets of sparse representation such as the 2-268 

20 dataset. Its outstanding performance could be attributed to the high interspecific variability of 269 

the marker (Gadek et al., 2000; Yang et al., 2016; Krees & Erickson, 2007). Our results were 270 

consistent with the recommendations from authors based on the low performance of other single 271 

markers at the species level (De Groot et al., 2013; Hollingswoth et al., 2011; Kress, 2007; Gere et 272 

al., 2013; China Plant BOL Group, 2011; Menezes et al., 2018; Whittall et al., 2010; Chen et al., 273 

2016). Although a proposed alternative for barcoding was the combination of multiple single gene 274 

markers, this approach was unsuitable in the context of metabarcoding, as it was impossible to tie 275 

two or more markers to an individual in an environmental sample, unless the markers were next to 276 

each other and amplifiable as a single amplicon. Our results indicate that for single marker 277 

classification, trnL and matK were the best choices when classifying up to genus level and are 278 

resilient to low sequence representation in databases.  279 

For the genera with problematic classifications, we found three types of behavior (Supplementary 280 

Table2). First, we identified some genera with very low F1 score with one specific marker, but 281 

with enough resolution for other markers (e.g. Citrus, Adenophora, Oenothera, Rosa, Vitis), thus 282 

representing a limitation of a given marker-genus pair for classification. Second, there were some 283 
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genera with information for only one marker, making it impossible to compare or gather more 284 

information from those, highlighting the importance of generating more data on those markers for 285 

under-represented taxa. Moreover, most of these genera had a low number of sequences which 286 

itself implies an associated factor to their low classification accuracy. Third and finally, there was 287 

a set of genera with two or more markers generating misclassifications. For this final case we found 288 

a total of seven genera: Aegilops, Gueldenstaedtia, Helianthus, Oryza, Shorea, Thysananthus and 289 

Triticum. 290 

A deeper look at these genera allowed important observations; Gueldenstaedtia is a small genus of 291 

Fabaceae that is very similar to the Tibetia genus (Xie et al., 2016). Most of the misclassified 292 

species in Gueldenstaedtia were assigned as Tibetia species. We found a similar situation with the 293 

genus Shorea and Thysananthus. Shorea is a very important genus related with timber and wood 294 

products. Tsumura et al. (2011), reported that some species within Shorea have identical sequences 295 

between each other for multiple chloroplast regions, indicating that it may be difficult to 296 

discriminate between closely related species. In their paper, they propose a method for 297 

identification of species of this genus and suggest using other non-chloroplast-based markers such 298 

as ITS for the identification of Shorea. Finally, for Thysananthus, one of the largest genera of 299 

liverworts that has been monographed worldwide, some authors suggest that given their 300 

morphological overlap, the molecular evidence and the lack of morphological characters separating 301 

them from Mastigolejeunea, they should be merged as a single genus (Sukkharak & Gradstein, 302 

2017). Thus, misclassifications on those 3 genera seems to be more related to the lack of biological 303 

divergence than of performance of the markers themselves. 304 
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The genera Aegilops and Helianthus showed a pattern that regardless of the species being assigned, 305 

all assignments were collapsed to a single species. For Aegilops this pattern was observed in rbcL 306 

(Figure 5d, notice most species are classified as Aegilops tauschii). For Helianthus the pattern was 307 

present in matK, rbcL, psbK and rpoB. A second pattern of apparent random assignments was 308 

found for Oryza, Triticum, Citrus and Shorea, just to mention some of the examples. This behavior 309 

was found for more than one marker (matK, rpoB, rbcL, psbK and psbA-trnH). Analyzing those 310 

genera and their respective species using MSA, we notice a very low or even non-existent variation 311 

among the sequences (figure 6 pointing again at very low biological divergence among the species 312 

of the genus, and likely the cause of the low F1 score for those genera.  313 

We identified a particular pattern of cross-misclassification among Aegilops and Triticum, both 314 

belonging to the Poaceae family. In the most recent phylogenetic classification of Poaceae, these 315 

two genera have been assigned as being part of the subtribe Triticinae (Soreng et al., 2015) based 316 

on methods of maximum likelihood on matK and ndhF markers. In those genera, there is evidence 317 

of hybridization (Zhang et al., 2010; Tsunewaki, 2009 and Loureiro et al.,2009) by the use of 318 

allopolyploidization as the major force leading to diversification during the evolution of Triticum 319 

species. Aegilops has been characterized as a wild relative of Triticum (wheat). Cultivated wheats 320 

and their close wild relatives belong to the genus Triticum, a member of the tribe Triticeae, which 321 

contains 300 species (Clayton and Renvoize 1986). Together, this evidence suggests some of the 322 

possible causes of classification problems with the assignment of these two genera.  323 

Hollingsworth in 2011, suggests seven key factors that may lead to a lower level of success in 324 

species discrimination, such as: hybridization, polyploidy, life history, breeding systems, species 325 

history, level of taxonomic “splitting” and seed dispersal. In all our problematic genera (Aegilops, 326 
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Gueldenstaedtia, Helianthus, Oryza, Shorea, Thysananthus and Triticum) those patterns were 327 

present. In Aegilops there is evidence of allopolyploid (a type of polyploidy), containing multiple 328 

chloroplast haplotypes, each identical to haplotypes of the diploid progenitor species, indicating 329 

multiple origins as the major source of variation (Meimberg et al., 2009). In Triticum, there was 330 

evidence of hybridization and polyploidy. Hybridization also occurs between wheat cultivars, 331 

because mixed cultivation of different wheats with different ploidies is a tradition and still common 332 

practice in the Middle East and Transcaucasia. Furthermore, wild wheat species can also be 333 

involved in hybrid swarms in regions where they naturally grow in and around the areas of wheat 334 

cultivation (Matsuoka, 2011). There was a similar pattern with the genus Oryza and Helianthus 335 

given their human domestication and their economic importance as food source (Molina et al., 336 

2011; Stein et al., 2018; Civáň et al., 2015; Kantar, 2012; Blackman et al., 2011; Badouin et al., 337 

2017).  338 

Finally, it is important to highlight that the taxonomy source of the evaluated sequences was 339 

GenBank. This is a database of primary sequences where the submitter gives the taxonomic 340 

assignment of the uploaded sequence and thus, it is prone to human error. A certain error percentage 341 

is expected by using such database. We tried to minimize the error by using several representative 342 

sequences per species, but this was limited in some cases. 343 

Our results show that the Naive Bayesian Classifier was an accurate tool for plant classification. 344 

Based on the results of this classifier for the taxonomic levels: phylum, class, order or family, any 345 

of the evaluated markers would sufficiently fulfill the expected accuracy and precision. For 346 

classification at the genus level, trnL and matK are the recommended choice due to their high 347 

performance of classification, even on datasets with spare representation (2-5 sequences per taxon). 348 
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We only evaluated classifications based on naive Bayesian models; however, other methods using 349 

machine learning models such as SVM could be of interest for future validations. Due to the 350 

limitations in metabarcoding studies, as a future direction, we propose the evaluation of 351 

chloroplastic regions that contains more than one gene, like the regions close to trnL, matK, psbA-352 

trnH, rbcL, rpoB using Bayesian classifier as a modeling method.  353 

Some specific combinations of marker-genus were problematic for classification; however, several 354 

of them could be assigned with other markers. We further analyzed the possible reason of multiple 355 

marker misclassification for the genera Aegilops, Gueldenstaedtia, Helianthus, Oryza, Shorea, 356 

Thysananthus and Triticum, identifying in all cases that it was likely related to biological 357 

conditions like hybridization, polyploidy and life story, and not due to the algorithm or technical 358 

difficulties. Barcodes are powerful tools for sequence classification and plants are not an exception, 359 

however, only a thorough analysis such as the one performed in the current study can provide 360 

evidence of the usability of the different markers and their limitations. Here we used the most 361 

commonly used molecular markers together with all the available sequences on public databases 362 

and a state-of-the-art classification method to determine the best performing marker for each taxon 363 

on potential interest and, finally, release a Green Genes-like database to be used by the researchers 364 

on their own research.  365 
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Data Accessibility 506 

-Chloroplast DNA sequences: Genbank accessions are in Supplementary table. 507 

-Green-genes like created database  508 

are available in https://osf.io/qtz59/?view_only=538ab7719073498abfaea0ab1b29d2ba 509 

-Used in house-scripts for database preparation and the remaining data that support the findings of 510 

this study are available from the corresponding author upon request. 511 
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 517 

Tables and Figures 518 

Table1. Taxonomical representation of selected markers at different taxonomical levels. The number of 

different entities at each taxonomic level for each marker gene is shown.  

Barcodes Species Genus Family Order Class Phylum 

rbcL 4012 2113 460 123 16 1 

matK 3494 1562 250 80 7 1 

trnL 5153 1497 259 91 11 1 

psbA-trnH 1744 460 132 54 6 1 

rpoB 2674 1181 233 85 11 1 

https://osf.io/qtz59/?view_only=538ab7719073498abfaea0ab1b29d2ba
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psbK 2694 1182 228 84 10 1 

 519 

 

Table2. Number of species and sequences in the datasets used in this study. 

Barcodes 
Number of species Number of sequences 

5 to 20 2 to 20 5 to 20 2 to 20 

rbcL 1125 4012 8405 27836 

matK 946 3494 7998 24413 

trnL 919 5153 8861 19355 

PsbA-trnH 370 1744 3400 6838 

rpoB 102 2674 872 6667 

psbK 99 2694 850 6589 
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Figure 1. Representation of the percentage of sequences classified by the Bayesian Classifier at species 

and genus level for 5 to 20 dataset. Shades of green represent the significant ones. Yellow represent 

misclassifications.   
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 535 

 536 

Figure 2. Markers performance by Bayesian Classifier from Phylum to Species based on the “good 537 
classification” criterion (the sequences that reach bootstrap score of at least 80) in (a) 5 to 20 dataset and 538 
(b) 2 to 20 data set. The y-axis for a) is 80-100% while for b) is 70-100%, this was done due to the number 539 
of data for every data set. 540 

 

 541 
 542 



Running headline: Plants barcode evaluation by Bayesian classifier 

 

28 
 

 543 
Figure 3. Correct and Incorrect classifications for Genus (G) and Species (S) levels for the markers used in 544 
the 5-20 dataset. 545 
 546 
 547 
 548 
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Figure 4. Accumulative F1 score categorical distribution for the 5-20 dataset at every marker. The 

percentage of assigned genus for every F1 score represents the accumulation until that number.  

 549 
 

 550 
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Figure 5. Heatmap frequency representation for genera with low F1 and multiple mismatches on different 

markers. Horizonal band color corresponds to family. Squares enclose the respective genus. Frequency is 
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the number of hits for that organism. The numbers within parenthesis represents the number of sequences 

for that species. a) psbK b) matK c) psbA-trnH d) rbcL e) trnL f) rpoB 

 552 

 

Figure 6. MSA (multiple sequences alignment) example of species variation on a genus in trnL marker. The 

sequence on the top is the alignment consensus of Shorea sp genus. The different colors below this line 

indicate the variations within the sequences. The numbers at one side represents the species of this genus.   

 


