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Background
High-throughput next generation sequencing has revolutionized the field of metataxo-
nomics by producing millions of sequences at an affordable cost, increasing the depth at 
which microbial communities are characterized. However, large sequence datasets have 
led to new challenges such as high computational costs associated with data analyses 
and accurate taxonomic classification. Bioinformaticists have developed novel sequence 
clustering algorithms which either produce, for a given similarity threshold, groups of 
sequences known as operational taxonomic units (OTUs) [1–3], or reduce sequencing 
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errors and minimize noise in the data [4–7]. These approaches have proven useful, 
though noise reduction/error correction may artificially remove or produce diversity [6] 
and the process of OTU clustering simply shifts the computational cost from taxonomic 
classification assignment to clustering and is not without problems. Most significantly, 
the transitive taxonomic assignments obtained from an OTU representative sequence 
are often flawed as 10–30% of sequences within the OTU, if processed separately, are 
assigned different taxonomy, thus challenging the ecological value of an OTU [8]. Fur-
ther, output from clustering-based analyses are dataset specific and when data are added 
to a study, clustering must be run again and at increasing computational cost.

To alleviate these issues, we developed SpeciateIT, an algorithm capable of fast, accu-
rate individual sequence taxonomic classification. Using a model guide tree and 7th 
order Markov chain models to represent bacterial species trained on taxonomy-adjusted 
amplicon specific regions sequences, SpeciateIT requires little computational resources, 
and can quickly process large sequence datasets. Additionally, environment-specific ref-
erence databases improve species-level classification accuracy and precision by reducing 
misclassification to species irrelevant to the environment and increasing study repro-
ducibility and generalizability to other studies [9, 10]. For these reasons, we have also 
developed vSpeciateDB, a set of custom databases of reference sequences for classifying 
vaginal microbiota. SpeciateIT models for the vaginal microbiota correctly classified to 
the species level 99.9% of training set 16S rRNA gene V1-V3, V3-V4, and V4 regions 
sequences. This is a major improvement over the RDP Naïve Bayesian Classifier [11], 
which is capable of 99% classification accuracy of known sequences and 76% of novel 
sequences (not part of the training data) to the genus-level [12, 13].

Methods
SpeciateIT algorithm

The core model building algorithm in SpeciateIT produces higher order Markov chain 
models for groups of phylogenetically related sequences. These groups were organ-
ized in a model tree reflecting the species lineages (buildModelTree). For each node 
of the model tree (except the root) a fasta file of all reference sequences corresponding 
to the node’s subtree was created and used to build Markov chain models (buildMC). 
Node-specific classification error thresholds were estimated to produce confidence in 
taxonomic assignments.. Node-specific classification error thresholds were estimated to 
produce confidence in taxonomic assignment. The offset coefficient defines the thresh-
old adjustment for sequence classification, where the threshold is set at the maximum 
posterior probability of a sibling species’ sequences with respect to the reference spe-
cies’ model, reduced by a specified value (e.g., 0.7, see Fig. S1). This reduction allows 
for the possibility of assigning novel sequences that might not match the reference spe-
cies exactly but are still considered close enough for classification. (est_err_thlds). Clas-
sification of a query sequence begins at the top of the model tree. The model producing 
the highest posterior probability is chosen, and the assignment is given to the sequence 
given that the posterior probability is greater than the classification error threshold for 
that model. Model comparisons at the next and lower taxonomic levels commence until 
either a terminal node (species-level) classification is reached, or the classification error 
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threshold criterion is not met. All code presented here is available at https://​github.​com/​
ravel-​lab/​speci​ateIT and is included in SpeciateIT.Rmd.

vSpeciateDB curation

All steps, tests, and validations were performed on a 2021 Macbook Pro with an Apple 
M1 Max processor and 64G RAM.

Environment-specific reference databases increase classification accuracy and study 
reproducibility [9, 10]. All code for reference database curation can be found in speci-
ateIT.Rmd. To build the vagina-specific vSpeciateDB reference database, we extracted 
sequences from the GTDB [14] small subunit rRNA gene sequence dataset (https://​
data.​gtdb.​ecoge​nomic.​org/​relea​ses/​relea​se214/​214.1/​genom​ic_​files_​all/​ssu_​all_​r214.​tar.​
gz, referred herein as GTDB-SSU v214.1) for species found in the vaginal microbiome 
[15, 16] as per VIRGO2 (virgo.igs.umaryland.edu, and species list available on https://​
github.​com/​ravel-​lab/​speci​ateIT) resulting in 308,611 16S rRNA gene sequences from 
14 bacterial phyla including 16 classes, 36 orders, 77 families, 497 genera, and 2224 spe-
cies (Table  1). Sequences were truncated to the V1-V4 region using tagcleaner.pl [17] 
with the 27F and 806R primer sequences allowing for 9 and 17 mismatches, respectively. 
Using mothur v.1.48.0 [2], truncated sequences were dereplicated after filtering those 
with ambiguous bases and lengths < 250 bp or > 1000 bp. RDP-formatted lineages were 
re-formatted (reversed and tab-delimited), and a taxonomy file was created connecting 
sequence IDs to species annotation.

Production of 16S rRNA gene sequence region‑specific datasets

The final de-replicated V1-V4 dataset was used to produce datasets for the 16S rRNA 
gene amplicon V1-V3, V3-V4, and V4 regions using tagcleaner.pl (version 0.16) [17] and 
the 319F, 515F and 534R primers allowing for 9, 3, and 5 mismatches, respectively. V1-V3 
and V3-V4 sequences were screened to remove sequences < 400 and > 500 bp long. V4 
sequences were required to be 240–260 bp. Each dataset was then dereplicated using the 
unique.seqs command from mothur v.1.48.0 [2]. SpeciateIT models were constructed 
for each dataset and training set evaluation identified incorrectly classified sequences, 
which were subsequently removed (Fig. S2). Most incorrect classifications at this stage 
originated from species over-represented in the reference database including Escherichia 
coli, Klebsiella pneumoniae, Staphylococcus aureus, Salmonella enterica, Acinetobacter 

Table 1  Summary of sequence information comprising each SpeciateIT 16S rRNA gene sequence 
region-specific database

Vaginal subset of GTDB-SSU 
v214.1

V1–V3 V3–V4 V4

Sequences 308,611 4502 2584 1735

Species 2224 1322 1272 1165

Genera 497 406 415 411

Families 77 74 73 69

Orders 36 35 35 33

Classes 16 15 15 14

Phyla 14 13 13 12

https://github.com/ravel-lab/speciateIT
https://github.com/ravel-lab/speciateIT
https://data.gtdb.ecogenomic.org/releases/release214/214.1/genomic_files_all/ssu_all_r214.tar.gz
https://data.gtdb.ecogenomic.org/releases/release214/214.1/genomic_files_all/ssu_all_r214.tar.gz
https://data.gtdb.ecogenomic.org/releases/release214/214.1/genomic_files_all/ssu_all_r214.tar.gz
https://github.com/ravel-lab/speciateIT
https://github.com/ravel-lab/speciateIT
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baumannii, and Streptococcus pneumoniae, S. epidermidis, and S. agalactiae. Therefore, 
for these species and others with more than 50 sequences, three sequences with the 
highest posterior probabilities from training set evaluations were maintained. To further 
ensure quality of training data, pairwise alignments of all sequences from each species 
were performed with Biostrings v2.70.2 [18], and sequences with less than 90% identity 
to all other sequences in the species were removed (Fig.  S3). Next, multiple sequence 
alignments for each database were produced with MAFFT v7.394 [19], and used to build 
phylograms with FastTree 2.1.10 [20]. Semi-supervised clustering using VI-cut [21] was 
performed and VI-cut clusters were evaluated for species purity and species indistin-
guishable by the targeted variable region(s). Within a region, if a cluster contained mul-
tiple species annotations, these annotations were merged and captured in the region’s 
concatenation map or “cat map”. All species annotations for models were replaced with 
the first alphanumeric species in the concatenation. When a species’ annotation was 
present in multiple nearby clusters (difference in cluster numbers ≤ 2), all species’ anno-
tations within and between the clusters were concatenated. When species’ annotations 
were present in distant clusters, sequences in the smaller clusters were removed. The 
resulting vagina-specific datasets are collectively referred to as vSpeciateDB.

Testing classification accuracy of known and novel sequences

To estimate the capability of models to classify novel sequences, ten-fold cross-valida-
tions were performed on each vSpeciateDB (pecan_cv5.pl, available on GitHub). All 
curated sequences for a targeted region were included in the training set. Each dataset 
was randomly spit into training (90% of sequences) and test (10%) sets. SpeciateIT mod-
els were built from the training set and training set evaluation were performed for con-
struction of error thresholds. Subsequently, the test set was classified.

Comparing classifications for multiple classifiers

Sequences from the GTDB-SSU v214.1 datasets that were truncated to the V1-V3, 
V3-V4, and V4 regions and excluded from vSpeciateDB were used as independent query 
sets to compare classification between (1) SpeciateIT trained with vSpeciateDB, (2) RDP 
Naïve Bayesian Classifier stand-alone Bioconda version 2.13 (default settings), and the 
DADA2 implementation of RDP Naïve Bayesian Classifier trained with (3) SILVA v138.1 
or (4) GTDB r86 reference sets. For the DADA2 implementations, both the assignTax-
onomy and addSpecies functions were employed. Classifications were compared to the 
taxonomy of the GTDB-SSU v214.1 dataset to determine correctness.

Speed of classification

Random test sets of 101–107 sequences were produced from the reference sequences 
used to build models. Classification for each set was performed on 2021 Macbook Pro 
with an Apple M1 Max processor using 1 core. For RDP classification, the RDP Naïve 
Bayesian Classifier (stand-alone Bioconda version 2.13, default settings) was used (rdp_
classifier classify -f allrank). For SpeciateIT classification, models and error thresholds 
for variable region-specific 16S rRNA gene sequences being classified were employed. 
Time of classification was measured using the time bash utility.
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Results
Estimates of classification accuracy for novel sequences were obtained using tenfold 
cross validation. To ensure confidence in assignments, SpeciateIT imposes model-spe-
cific classification error thresholds: when the posterior probability of a query sequence 
does not exceed this threshold, the query sequence is classified as the next highest 
taxonomic level at which this threshold requirement is met. In the case of novel taxa, 
SpeciateIT is expected to assign higher-level classifications. In tenfold cross-validation 
testing, 98.7, 97.6, and 97.2% of sequences from “known” species (a species with at least 
1 sequence present in the training dataset) were correctly assigned with > 90% of assign-
ments made to the genus or species levels (Fig. 1A). For sequences from “novel” species 
(those with no sequences present in the training set), 60–70% were correctly assigned to 
their respective taxonomic categories, with the accuracy varying depending on the tar-
geted region. This highlights the efficacy of SpeciateIT in accurately classifying bacterial 
taxa using higher order Markov chain models.

An essential aspect of SpeciateIT is its provision of posterior probabilities for query 
sequences. In the context of classification using Markov chain models, posterior proba-
bilities represent the likelihood or confidence that a given sequence belongs to a particu-
lar category or class. These probabilities are calculated based on the observed sequence 
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Fig. 1  A Ten-fold cross validation of the vSpeciateDB V1V3, V3V4, and V4 models demonstrated exceptional 
classification of sequences from “Known Species” with at least 1 sequence present in models. Most sequences 
from “Novel Species” were correctly classified at some taxonomic level. B The posterior probabilities of 
query sequences from “Novel Species” tended to be higher for correct classifications relative to incorrect 
classifications
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data and the parameters of the Markov chain model. When a query sequence has a lower 
posterior probability, it suggests that the observed sequence data is less consistent with 
the model’s parameters. This can indicate that the sequence deviates more from the typi-
cal patterns captured by the model, potentially suggesting a poorer match between the 
sequence and the model. However, it’s important to note that a lower posterior prob-
ability does not necessarily mean that the classification result is incorrect or that the 
sequence is not related to the modeled categories. It simply suggests lower confidence 
in the classification result. In some cases, a sequence with a lower posterior probability 
may still be correctly classified, especially if the model captures only part of the variabil-
ity present in the data. Regarding sequences from novel species (those absent from the 
training set), cross-validation results illustrate that the posterior probabilities from cor-
rect genus-, family-, or order-level assignments tend to be greater than incorrect clas-
sifications (Fig. 1B).

To compare classification of vaginal microbiota using SpeciateIT with vagina-specific 
vSpeciateDB to other popular classifiers and reference sets (RDP Naïve Bayesian Clas-
sifier stand-alone Bioconda version 2.13, default settings; DADA2 implementation of 
RDP Naïve Bayesian Classifier trained with vSpeciateDB, SILVA v138.1 and GTDB r86 
reference sets), we classified independent sequences from GTDB (not included in the 
production of vSpeciateDB) truncated to each variable region and included those from 
the 100 most abundant species detected in the vaginal microbiota [22]. SpeciateIT with 
vSpeciateDB provided more species-level assignments than other methods including the 
DADA2 implementation of the RDP classifier which provided species level assignments, 
when possible (function: addSpecies) (Fig. 2).

The speed of SpeciateIT is incomparable because of its novel model tree-based 
approach which directs query sequence classification from the top of the tree (Root) 
to the branch or node of its final classification (Fig. S4). Classification speed was meas-
ured on a 2021 Macbook Pro with an Apple M1 Max processor and 64G RAM using 
each amplicon reference training set sampled to 101–107 sequences and processed on 
one core. We compared the speed of SpeciateIT classification to the RDP Naïve Bayesian 
Classifier (stand-alone Bioconda version 2.13, default settings). SpeciateIT classified 1 
million sequences in 3, 2, and 1 min for the V1V3, V3V4, and V4 classifiers, respectively 
(Fig. 3). Speed is dependent on the number of models read for each classifier (the V4 
classifier represents fewer species and therefore contains fewer models). Comparatively, 
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the RDP Classifier classified 1 million V1-V3, V3-V4, and V4 sequences in 66, 57, and 
32 min, respectively.

The performance of any classifier is entirely dependent on the quality of the sequence 
training set used to build it. Currently, SpeciateIT models have been built from full 
length 16S rRNA gene sequences curated from the Genome Taxonomy Database 
(GTDB) for the taxonomy-adjusted V1-V3, V3-V4, and V4 amplicon sequence regions 
for vaginal microbiota, and are publically available (https://​github.​com/​ravel-​lab/​speci​
ateIT). The full-length database comprises 2224 species, 497 genera, 77 families, 36 
orders, 16 classes, and 14 phyla.

One recent change in the field of vaginal microbiota is the expansion of Gard-
nerella vaginalis to multiple species. Eleven species are represented in the genus Bifi-
dobacterium in the GTDB SSU rRNA reference sequence set from which vSpeciateDB 
sequences originated. We chose to maintain the Gardnerella annotation for these spe-
cies because of the vast clinical context surrounding Gardnerella. G. vaginalis C was 
not included in the final training sets because no reference sequences contained the V3 
or V4 regions. Gardnerella vaginalis A and Gardnerella vaginalis F were distinct from 
other Gardnerella species in both the V2 and V4 regions (Fig. S5a). It was not possible 
to confidently distinguish other Gardnerella species at any targeted region. To maintain 
simplicity, one Gardnerella model (“G. vaginalis”) represents GTDB species: G. leopoldii, 
G. piotii, G. swidsinskii, G. vaginalis and G. vaginalis A, B, C, D, E, F, and H combined. 
Of other prevalent species in the vaginal microbiota, Lactobacillus iners, L. jensenii, L. 
mulieris, and “Ca. Lachnocurva vaginae” were distinct in vSpeciateDB while L. gasseri 
and L. paragasseri were not distinguishable at any region and are referred to as only L. 
gasseri. Notably, L. crispatus and L. acidophilus were indistinguishable at the V4 region 
(Fig. S5b). Because L. crispatus is arguably more prevalent in the vaginal microbiota, 
these models are referred to as L. crispatus.

Lastly, the VAginaL community state typE Nearest CentroId classifier (VALENCIA) 
uses reference centroids representing microbiota compositions for each CST. The taxo-
nomic annotations used in building the reference centroids are integral to correct CST 
classification. Because vSpeciateDB-based taxonomic assignments differ from those 
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used in the current version of VALENCIA reference centroids, we have produced refer-
ence centroids based on vSpeciateDB taxonomy and compatible with the VALENCIA 
algorithm for CST assignment (Fig. S6).

Conclusions
We anticipate vSpeciateDB will grow as more vaginal species are characterized, and 
more 16S rRNA gene variable region vSpeciateDB models will be produced. Impor-
tantly, taxonomy is adjusted in each V1-V3, V3-V4 and V4 database to reflect the loss 
of taxonomic information associated with sequence truncation, a known problem when 
using amplicon sequences [23]. Furthermore, the steps for vSpeciateDB curation are 
provided and can be used as a foundation upon which other environment-specific refer-
ence databases can be curated.

Abbreviation
OTUs	� Operational taxonomic unit
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