
M E T H O D O LO G Y Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you 
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the 
licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or 
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit ​h​t​t​p​​:​/​/​​c​r​e​a​​t​i​​
v​e​c​​o​m​m​​o​n​s​.​​o​r​​g​/​l​​i​c​e​​n​s​e​s​​/​b​​y​-​n​c​-​n​d​/​4​.​0​/.

Jiang et al. Plant Methods           (2025) 21:61 
https://doi.org/10.1186/s13007-025-01380-x

Plant Methods

†Chenhao Jiang and Chuan Dong contributed equally to this work.

*Correspondence:
Jiasheng Wu
wujs@zafu.edu.cn
Chengjun Zhang
zhangcj@zafu.edu.cn

Full list of author information is available at the end of the article

Abstract
Background  Simple sequence repeats (SSRs) are widely used as molecular markers; however, traditional 
development of SSR molecular markers heavily relies on experimental methods. The advancement of modern 
sequencing technology has provided the possibility of directly extracting SSR characteristics from sequencing data 
and using them for variety identification.

Results  We have developed a computational framework for variety identification, treating the presence or absence 
of each SSR in sequencing data as a numerical characteristic while ignoring specific loci, flanking sequences, and 
occurrence counts. Therefore, subsequent variety identification does not rely on experimental validation but is 
directly performed based on the numerical characteristic matrix. Using a formula, we measure the variance of these 
numerical characteristics both within and among varieties, and select SSRs that exhibit intra-variety specificity and 
inter-variety polymorphism, forming a 0,1 matrix. We use t-SNE (t-distributed Stochastic Neighbor Embedding) to 
project the matrix onto a two-dimensional plane, followed by K-means clustering of the individuals. The classification 
performance of the matrix is preliminarily assessed by comparing the cluster labels with the true labels, providing 
an initial evaluation of its effectiveness in variety detection. Ultimately, we construct a recognition model based 
on the SSRs matrix and apply it for variety identification. The process has been encapsulated into the package 
SSR_VibraProfiler, which can serve as a tool for constructing an SSR variety DNA fingerprint database. We tested this 
package on a Rhododendron dataset that included 40 individuals from 8 varieties. The accuracy achieved through 
t-SNE dimensionality reduction and K-means clustering was 100%. Furthermore, we used the leave-one-out method 
to validate the accuracy of our method in predicting variety, and confirmed the reliability of our method in detecting 
varieties. The package is freely available at ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​O​l​c​a​​t​3​​5​4​1​​2​/​S​​S​R​_​V​​i​b​​r​a​P​r​o​f​i​l​e​r.
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Background
Simple sequence repeats (SSRs), also known as micro-
satellites, are motifs consisting of 1–6 bases that repeat 
multiple times and are found widely across the genomes 
of both prokaryotic and eukaryotic species [1–3]. Due 
to the high polymorphism, SSRs have been widely used 
in molecular marker studies at different taxonomic lev-
els, including species [4], varieties [5, 6] and population 
structures [7, 8]. According to the repeat patterns of 
SSRs, they can be classified into four major categories: 
simple perfect, where the repeat sequence is continuous 
and uninterrupted by any base outside the motif; sim-
ple imperfect, consisting of one or more repeat units of 
varying lengths; compound perfect, composed of two or 
more distinct repeat motifs of the same length; and com-
pound imperfect, where different-length repeats disrupt 
the motif continuity [9]. Regardless of the repeat pat-
terns in SSR molecular markers, the time consumption 
and financial costs involved in primer synthesis and gel 
electrophoresis are drawbacks of conventional molecu-
lar marker development [10, 11]. With the rapid devel-
opment of sequencing technology and bioinformatics, 
it has become possible to directly utilize the informa-
tion from sequencing datasets for marker development 
and individual identification. However, most current in 
silico-based methods rely on either a single reference 
genome with a corresponding resequencing dataset [12] 
or multiple reference genomes [13]. Their primary goal is 
to identify SSRs with well-defined locations and distinct 
polymorphisms. On the one hand, they are not applica-
ble in the absence of a reference genome. On the other 
hand, determining individual label using these SSRs still 
requires experimental validation, including primer syn-
thesis and gel electrophoresis. In this study, we intro-
duced a method that directly utilized the presence or 
absence of each SSR as its numerical characteristic from 
short-read data, without focusing on the specific loca-
tions or occurrence frequencies, thereby eliminating the 
need for a reference genome. We then highlight SSRs 
with intra-specific specificity and inter-specific poly-
morphism, facilitating variety classification and identi-
fication. We have integrated this method into a Python 
package named SSR_VibraProfiler. This method may 
applicable to species with numerous varieties, where ref-
erence genomes are lacking.

A potential target for utilizing the method is the vari-
ety identification under genus Rhododendron. The 
genus Rhododendron, belonging to the family Ericaceae, 

comprises over 1,000 species [14]. As of 2018, the Inter-
national Rhododendron Register and Checklist lists over 
28,000 cultivated varieties within the genus Rhododen-
dron [15]. Due to their outstanding ornamental charac-
teristics, such as diverse flower forms and vibrant colors, 
Rhododendron plants are highly valued in horticulture 
and possess significant economic value. Many ornamen-
tal hybrid varieties have been developed through long-
term cultivation, leading to Rhododendron plants being 
widely grown around the world as important ornamen-
tal plants [16]. Therefore, there exists a practical neces-
sity for the classification and prediction of Rhododendron 
varieties. In this study, we selected 8 varieties and 40 indi-
viduals from the genus Rhododendron as experimental 
subjects, and achieved good results in variety classifica-
tion and prediction. These results demonstrate the appli-
cability of our method and outline its potential areas of 
application. In addition, to test the dataset requirements 
and scope of our method, we performed down-sampling 
on this Rhododendron dataset and tested it on a publicly 
available rice dataset.

Materials and methods
Collection of materials and preparation of dataset
The method is based on short-read data from mul-
tiple individuals across different varieties. For our case 
study in Rhododendron, 40 individuals from 8 varieties 
(Table  1) were collected from the Kunming Institute of 
Botany, Chinese Academy of Sciences. For each individ-
ual sample, 2 g of tender leaves was collected and placed 
in a 10 ml cryotube, frozen rapidly using liquid nitrogen 
for 2 hours, and then stored in the freezer at -80 ℃. The 
samples were transported to Beijing Biomarker Tech-
nologies Co. Ltd. for DNA extraction, library construc-
tion, and sequencing. After genomic DNA extraction and 
passing quality control for the sample DNA, the genomic 
DNA underwent fragmentation via ultrasonication. The 
fragmented DNA was purified, end-repaired, polyadenyl-
ated at the 3’ end, and sequencing adapters were ligated. 
Agarose gel electrophoresis was used for fragment size 
selection, followed by PCR enrichment to construct 
sequencing libraries. The libraries were further puri-
fied to remove adapter contamination. Then, Illumina 
paired-end sequencing was performed with a read length 
of 150  bp (PE150). In total, approximately 1286  mil-
lion (M) clean reads were obtained from the 40 samples, 
representing 384.40 Gb of sequencing data. The average 
sequencing depth for each variety ranges from 13.40 to 

Conclusion  We introduced SSR_VibraProfiler, a Python package for distinguishing and predicting individual varieties 
without a reference genome by extracting SSR numerical characteristics from next-generation sequencing data. This 
tool will contribute to the development, identification, and protection of new varieties.
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19.42 (For most varieties with unknown genome sizes, we 
estimated a genome size of 600 MB based on published 
Rhododendron genomes, except for Rhododendron sim-
sii, whose genome size has been reported as 528.6 MB 
[17]. And the sequencing depth is then determined by 
the ratio of the total base count to the genome size). The 
average sequencing depth per individual is 16.17. The 
average Q30 score (a quality assessment parameter for 
sequencing) reached 93.72%. These results indicate that 
the sequencing data quality is reliable and can be used 
for subsequent SSRs extraction and variety identification. 
We also conducted two rounds of down-sampling on this 
dataset using seqtk (the random state was set to 42) [18], 
with proportions of 50% and 75%.

To further assess the generalizability of our method, we 
evaluated it using a public rice dataset [19]. We filtered 
this dataset based on the following criteria: each indi-
vidual was sequenced at > 10× depth, and each subpopu-
lation included at least three individuals. As a result, we 
obtained 21 individuals from six subpopulations (Supple-
mentary Table 1). In this dataset, subpopulations were 
defined below the variety level, with each individual’s 
subpopulation determined by ecosystem type, geographic 
distribution and grain morphology. The raw dataset is 
available from the European Nucleotide Archive (ENA) (​
h​t​t​p​​s​:​/​​/​w​w​w​​.​e​​b​i​.​​a​c​.​​u​k​/​e​​n​a​​/​b​r​​o​w​s​​e​r​/​v​​i​e​​w​/​P​R​J​E​B​3​6​6​3​1).

Data processing and numerical characterization of SSRs
After obtaining the sequencing data for each individual, 
we use Minia (version 3.2.5) [20] to assemble it to the 
contigs, and use MISA (Microsatellite Identification Tool, 
version 2.1) [21] to detect all the SSRs within each indi-
vidual. For convenience and to streamline the approach, 
only the simple perfect SSRs (as mentioned in the back-
ground) from the MISA results are retained for further 
evaluation.

Regarding an SSR, we use its presence or absence in an 
individual as a numerical characteristic. In more details, 
if an SSR appears in one assembled contigs of an individ-
ual, its characteristic value is 1, otherwise it is 0. Base on 
the above procedures, we could obtain an initial feature 
matrix after compiling all SSRs information from all indi-
viduals (Fig. 1a and Supplementary Fig. 1).

Selection of SSRs with intra-variety specificity and inter-
variety polymorphism
Based on the initial SSRs feature matrix, we further filter 
SSRs exhibiting intra-variety specificity and inter-vari-
ety polymorphism through the following principles and 
steps (Fig. 1b). For a given SSR, among all the individu-
als within a variety, we expect its numerical characteris-
tics to be the same, while showing variation beyond the 
variety. Consequently, we employ formulas (1) and (2) 
to determine the standard deviation of these numerical 
characteristics for each SSR, first within the same vari-
ety (Sin) and then across individuals beyond the variety 
(Sout). In formula (1), the nin represents the number of all 
individuals within a variety, and xin refers to the average 
of all numerical characteristics within the variety. In for-
mula (2), nout represents the number of all individuals out 
of the variety, and xout refers to the average of all numeri-
cal characteristics outside the variety. In both formula (1) 
and formula (2), xi represents the numerical characteris-
tic value of the ith individual. When the standard devia-
tion of an SSR within a variety (Sin) is smaller than Sout, 
we consider that this SSR to exhibit intra-variety speci-
ficity and inter-variety polymorphism for this variety. 
However, we expect the final screened SSRs to exhibit 
this property across multiple varieties. Therefore, we 
designed formula (3).

In formula (3) (Supplementary Fig.  2), the parameter 
threshold refers to the proportion of variety satisfying Sin 
< Sout among all varieties, while Nv refers to the number 
of varieties. Sin,j and Sout,j refer to the Sin and Sout of the 
jth variety. The function I is a conditional judgement, and 
when the condition is met, the value of I is 1; when the 
condition is not met, the value of I is 0. For the SSRs that 
satisfied formula (3), we deemed such SSRs exhibit intra-
variety specificity and inter-variety polymorphism among 
the varieties. Accordingly, after applying these formulas 
to all SSRs, we generate a new 0, 1 matrix of the retained 
SSRs to characterize all individuals from all varieties.

	
Sin =

√
1

nin − 1
∑nin

i=1
(xi − xin)2� (1)

	
Sout =

√
1

nout − 1
∑nout

i=1
(xi − xout)2� (2)

Table 1  The sequencing information of individual of each 
variety
Variety Name Accession Number of 

Individuals
Se-
quenc-
ing 
depth

Rhododendron x pulchurum 
‘ZiHuDie’

W-1 10 14.84

Rhododendron ‘HongBaoShi’ W-2 10 13.40
Rhododendron x hybridum 
Ker Gawl.

W-3 5 18.39

Rhododendron ‘WanXia’ W-4 5 19.42
Rhododendron simsii W-5 3 17.35
Rhododendron ‘Fanxing’ W-6 3 19.27
Rhododendron ‘Liuguang 
Yicai’

W-7 2 16.35

Rhododendron ‘Yuzhuo’ W-8 2 16.38

https://www.ebi.ac.uk/ena/browser/view/PRJEB36631
https://www.ebi.ac.uk/ena/browser/view/PRJEB36631
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∑Nv

j=1 I (Sin,j < Sout,j)
N

> threshold� (3)

Construction of the KNN-based identification model
The 0, 1 matrix of retained SSRs is used to build a model 
based on KNN (K-Nearest Neighbors) classification 

model (Fig. 1c), where K refers to several nearest neigh-
boring points. The model determines the type of the pre-
dicted point based on the types of K nearest neighbors 
to identify the variety of a query sample (an individual 
whose variety needs to be predicted). However, due to 
the possibility of unequal numbers of individuals within 
each variety in our case study (the situation also exists in 

Fig. 1  The complete process of the method and SSR_VibraProfiler. a. SSRs information collection process. b. SSRs selection process. c. Variety prediction 
process of the unknown individual. d. Classification evaluation of SSRs. The outer black box outlines show the content integrated by each of the three 
scripts in the SSR_VibraProfiler
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reality) when constructing the model, we do not specify a 
K value, and the model does not display the query’s vari-
ety as well. On the contrary, it prints the distance rank-
ings between the individuals within model and the query. 
The distances between points are calculated using Euclid-
ean Distance, which is equivalent to the square root of 
the number of different SSRs among the individuals.

Classification evaluation of retained SSRs based on t-SNE 
dimensionality reduction and K-means clustering
After obtaining the SSR matrix, we aim to evaluate its 
classification capability by assessing whether it could 
effectively cluster individuals of the same variety into a 
single group. The process is as follows:

1.	 The retained SSR matrix is reduced to two 
dimensions for data point (the point represents 
individual) visualization using the t-SNE algorithm 
[22].

2.	 Subsequently, the data points are clustered into 
different groups using the K-means algorithm.

3.	 The accuracy of classification can be assessed by 
comparing the actual labels with the assigned 
cluster labels using the ARI (Adjusted Rand Index) 
parameter, which measures the similarity between 
the two label sets (Fig. 1d).

The t-SNE is a non-linear dimensionality reduction 
technique, whose main concept is to map similar data 
points in high-dimensional space to low-dimensional 
space while preserving the relative distances between 
data points as much as possible. K-means is a clustering 
algorithm used to divide data points into K clusters. ARI 
value ranges between − 1 and 1, with values closer to 1 
indicating a closer resemblance to the true partitioning 
results. ARI is commonly used to evaluate the perfor-
mance of clustering algorithms.

Validation of model identification effects based on leave-
one-out method
We utilize the leave-one-out (LOO) method to assess the 
predictive performance of the model on unknown indi-
viduals. Specifically, one individual is taken out as our 
query, and the remaining individuals are used to con-
struct a KNN-based identification model, which is then 
used to predict the query. This process can be repeated 
multiple times based on the number of individuals. Due 
to the imbalance in the variety composition, we opted to 
display the ranked distances between the query and other 
individuals within the model, rather than displaying its 
specific variety.

Result
The architecture of SSR_VibraProfiler
We organized and packaged our method into a pack-
age named SSR_VibraProfiler. The package includes four 
Python scripts:

1) SSR_VibraProfiler_model_build.py. This script can 
automatically complete the following tasks (Fig. 1a, b):

1.	 Assembling sequencing data into segments using 
Minia;

2.	 Extracting SSRs information with MISA;
3.	 Summarizing and filtering SSRs data features;
4.	 Identifying SSRs with classification ability and 

generating a KNN-based model.

This process is relatively time-consuming; therefore, we 
have implemented parameters that enable the script to 
execute step-by-step. Additionally, we have preserved the 
output files at each stage, such as the segment file assem-
bled by Minia and the SSRs information file generated by 
MISA.

2) SSR_VibraProfiler_evaluation.py. This script is uti-
lized to evaluate the classification performance of the 
SSRs retained by SSR_VibraProfiler_model_build.py. It 
employs the t-SNE, K-means algorithms, and ARI param-
eter mentioned before. Due to the presence of a random 
state in both t-SNE and K-means, we set a range to iterate 
over them. It will output the top ARI results and generate 
a classification effect diagram corresponding to the high-
est ARI value (Fig. 1c).

3) SSR_VibraProfiler_model_predict.py. This script 
uses the KNN-based model to accept a new individual’s 
SSRs information file (MISA output file) and ultimately 
returns the ranking of distances between this query indi-
vidual and all other individuals in the model (Fig. 1d).

4) SSR_VibraProfiler_cross_validation.py. This script 
takes an index file as input and automatically executes a 
leave-one-out cross-validation process. In this process, 
it directly invokes the script “SSR_VibraProfiler_model_
build.py” for model construction and “SSR_VibraPro-
filer_model_predict.py” for making predictions on the 
pick out individual, ultimately outputs a file containing 
the predict results for all individuals.

Figure  1 illustrates the content corresponding to each 
of the first three scripts (the fourth script invokes the 
model construction and prediction scripts). They have 
been packaged and submitted to the Conda (​h​t​t​p​​s​:​/​​/​a​n​a​​
c​o​​n​d​a​​.​o​r​​g​/​o​l​​d​c​​a​t​9​​3​1​/​​s​s​r​_​​v​i​​b​r​a​p​r​o​f​i​l​e​r) and GitHub (​h​t​t​
p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​O​l​c​a​​t​3​​5​4​1​​2​/​S​​S​R​_​V​​i​b​​r​a​P​r​o​f​i​l​e​r) ​p​l​a​t​f​o​r​
m​s​, we also have provided a corresponding user manual 
that thoroughly introduces the installation and usage 
methods, encompassing the introductions of all avail-
able parameters for SSR_VibraProfiler. This manual can 
be obtained from GitHub platform or Supplementary 

https://anaconda.org/oldcat931/ssr_vibraprofiler
https://anaconda.org/oldcat931/ssr_vibraprofiler
https://github.com/Olcat35412/SSR_VibraProfiler
https://github.com/Olcat35412/SSR_VibraProfiler
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materials of this article. Furthermore, to further enhance 
users’ convenience and lower the barrier to using the 
software, we have also provided a docker image, which 
can be available at ​h​t​t​p​​s​:​/​​/​h​u​b​​.​d​​o​c​k​​e​r​.​​c​o​m​/​​r​e​​p​o​s​​i​t​o​​r​y​/​d​​o​
c​​k​e​r​​/​o​l​​d​c​a​t​​9​3​​1​/​s​s​r​_​v​i​b​r​a​p​r​o​f​i​l​e​r freely.

SSR_VibraProfiler can accurately classify and predict 
varieties within the Rhododendron
A total of 8796 SSRs were identified using the SSR_Vibra-
Profiler_model_build.py script from the SSR_VibraPro-
filer package. The presence or absence of these SSRs form 
an initial 0, 1 matrix (Supplementary Table 2, Sheet1). 
Given that we have 8 varieties, we considered all possible 
“thresholds” from 0 to 0.875 and used the SSR_VibraPro-
filer_evaluation.py script to evaluate the classification 
performance of SSRs under these different threshold. The 
corresponding numbers of retained SSRs and the highest 
ARI results for each “threshold” have been summarized in 
Table 2 (with the complete information in Supplementary 

Table 2, Sheet 2 to 9). When the “threshold” set to 0.375, 
the selected SSRs show intra-variety specificity and inter-
variety polymorphism in at least 4 varieties (8 × 0.375 = 3). 
At this “threshold”, the highest ARI reaches 1 (Table  2; 
Fig. 2a). The corresponding dimensionality reduction and 
clustering results completely match the true label classifi-
cation. This process was executed on two platforms, with 
the runtime displayed in Table 3. This indicates that these 
SSRs achieve 100% accuracy in classifying the varieties of 
individuals (Fig. 2b).

Based on this “threshold”, we used the script SSR_
VibraProfiler_cross_validation.py to perform the leave-
one-out cross-validation process, and then aggregated 
the corresponding results (Fig. 2c, Supplementary Table 
3). Notably, in the final result of leave-one-out, the near-
est multiple individuals to the queries are always those of 
the same variety. For example, variety W-1 has ten indi-
viduals. When we remove any given individual from this 
variety and build a model to predict its variety, we find 

Table 2  Retained SSRs number and ARI evaluation results under different thresholds
threshold 0 0.125 0.25 0.375 0.5 0.625 0.75 0.875
Number of retained SSRs 8062 8054 8014 7785 7092 5729 3693 94
Highest ARI 0.858 0.844 0.85 1 0.85 0.85 0.944 0.84

Fig. 2  The evaluation of the differentiation effect of screened SSRs and the results of leave-one-out cross-validation. a. ARI evaluation result. There are 
two random states in the process of dimensionality reduction and clustering; we take them from 0 to 50 and 0 to10, respectively. On the x-axis, “a, b” rep-
resent random state of t-SNE and random state of clustering, respectively. This figure displays the top 8 best results. b. The best clustering result achieved 
by the SSR matrix after dimensionality reduction using t-SNE and clustering using k-means (corresponding to the highest ARI value of 1 in figure a). The 
same color indicates that they are clustered as one variety, and the labels near the points represent the true labels. c. Result of LOO cross-validation. The 
innermost point on each axis represents the individual used for validation. The distance between query and sample within the model is sorted according 
to Euclidean Distance. The four black dashed lines correspond to the 2 closest, 4 closest, 9 closest, and 18 closest points to the query, respectively

 

https://hub.docker.com/repository/docker/oldcat931/ssr_vibraprofiler
https://hub.docker.com/repository/docker/oldcat931/ssr_vibraprofiler
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that the nine individuals closest to it in the model predic-
tion all come from the same variety. This consistent pat-
tern is also observed in other varieties. Despite there is 
existing risk of overfitting, our analysis demonstrates that 
our model possesses the capability to accurately predict 
the variety of individuals. The workflow of this case study 
has been provided as an operational example in the soft-
ware manual.

Reducing sequencing depth can affect the variety 
identification capability of SSR_VibraProfiler
The performance of our method may be influenced by 
the sequencing depth of the samples. Therefore, we per-
formed two rounds of down-sampling on the sequenc-
ing data, with down-sampling rates of 75% and 50%, 
corresponding approximately to 12x and 8x sequenc-
ing depths, respectively. After constructing models with 
the corresponding down-sampled data, we re-evalu-
ated the classification performance of the models using 

dimensionality reduction-based clustering and cross-val-
idation. The “threshold” was set to 0.375 in this process.

The ARI results based on t-SNE dimensionality reduc-
tion and k-means cluster still reach 1 when the down-
sampling rates are 75% and 50% (Supplementary Fig. 3). 
However, the cross-validation results show varying 
degrees of decline. In detail, when the down-sampling 
rate is 75%, one individual of the W-8 variety is misclas-
sified. Consequently, the model’s prediction accuracy is 
97.5% (Fig.  3a). When the down-sampling rate is 50%, 
both two individuals of the W-8 and an individual of W-6 
are misclassified, resulting in a model prediction accu-
racy of 92.5% (Fig.  3b). This indicates that sequencing 
depth affects the performance of variety identification. 
However, accuracy only dropped slightly to 97.5% and 
then 92.5%. Since we consider the presence or absence 
of SSRs rather than their frequencies, down-sampling 
has limited impact on this feature, which may explain the 
slight decrease in accuracy.

Table 3  Runtime of SSR_VibraProfiler on the Rhoddendron dataset
Platform Intel(R) Core (TM) i9-14900 K 32 Cores 128GB Memory (deployed 

on the workstation)
Intel(R) Xeon(R) Gold 5318Y CPU 96 cores 
2 TB Memory (deployed on the server)

Model Build Command SSR_VibraProfiler_model_build.py -i index.txt -s 1 -e 3 -pp 0.375 -index 
index.txt -o output_dir/ -miniap 4 -miniac 6 -misap 24

SSR_VibraProfiler_model_build.py -i index.
txt -s 1 -e 3 -pp 0.375 -index index.txt -o 
output_dir/ -miniap 8 -miniac 5 -misap 40

Cores Used 24 40
Minia Assembly time 9h8m55s 7h27m11s
MISA Running time 15m27s 32m45s
Model Building time 8s 30s
Cross Validation time 5m26s 24m2s
Dimensionality Evaluation 
time

27s 6m1s

Fig. 3  Cross-validation results after down-sampled the Rhododendron dataset. a. Cross-validation result when down-sampling rate is 75%. b. Cross-
validation result when down-sampling rate is 50%. The black arrows point to the individuals with incorrect cross-validation results
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SSR_VibraProfiler is not suitable for subpopulation 
identification in rice
To evaluate the performance of our method on other 
species and simulate cases with high intra-variety poly-
morphism, we used the previously published rice dataset 
[19]. The “threshold” of software was set to 0.375 in this 
process. After obtaining the SSRs matrix, performing 
t-SNE dimensionality reduction and K-means clustering, 
the best ARI reach 0.87 (corresponding to one misclas-
sified individual, Supplementary Fig.  4a). However, dur-
ing cross-validation, the predicted labels for 5 individuals 
were incorrect, resulting in an accuracy of only 76% (Sup-
plementary Fig. 4b, Supplementary Table 4). This may be 
due to the long breeding history of rice, which has led to 
high internal SSR polymorphism that our method fails to 
capture effectively. These findings indicate potential limi-
tations of our method in handling varieties characterized 
by high internal polymorphism.

Discussion
Advancement and convenience of the SSR_VibraProfiler
Some in silico-based tools that do not utilize rese-
quencing datasets typically identify SSRs directly from 
sequences, provide flanking sequences, and filter experi-
mentally verifiable markers [23]. In recent years, sev-
eral new in silico SSR markers development methods 
have been proposed, relying either on a single reference 
genome and resequencing dataset [12] or on multiple 
assembled genomes [13, 24, 25]. The objective of these 
studies is to identify SSR markers with well-defined loci 
and potential polymorphism, which, upon experimental 
validation, can be used for individual classification. While 
these studies hold considerable practical significance, 
they are not applicable in the absence of a reference 
genome. Another widely used markers based on NGS 
(Next-Generation Sequencing) data are SNPs (Single 
Nucleotide Polymorphisms). Similar to SSRs, SNP-based 
approaches also depend on the availability of a reference 
genome. Besides, the process of obtaining SNPs is time-
consuming especially for large genomes, which poses 
challenges for their practical application.

In contrast, our approach can run effectively in the 
absence of a reference genome. It identifies SSRs that 
exhibit intra-variety specificity and inter-variety poly-
morphism, forming a 0, 1 matrix. Subsequently, we utilize 
the matrix to construct a model for identifying the vari-
ety of unknown individuals. By disregarding specific loci, 
flanking sequences, and occurrence counts, this method 
sacrifices a portion of SSR information in exchange for 
faster computational efficiency and advantage of not rely-
ing on a reference genome. Our case study on Rhodo-
dendron reveals that after utilizing the t-SNE reduction 
technique to preprocess the SSRs matrix, the K-means 
clustering algorithm successfully classified the varieties 

(Fig.  2b). This result validates the effectiveness of the 
selected SSRs as a basis for variety classification. Further-
more, our LOO method result demonstrates that indi-
viduals from the same variety consistently cluster closely 
around the queries, forming a stable nearest-neighbor 
relationship. These results demonstrate the potential of 
our method to accurately distinguish varieties. In addi-
tion, applying our method to analyze the Rhododendron 
dataset takes only a few hours (Table  3), which further 
demonstrates its convenience. These advantages make 
our method applicable to a wider range of organisms, 
even in cases where genomic resources are limited.

Dataset requirements and application scope of SSR_
VibraProfiler
SSR_VibraProfiler imposes requirements on dataset 
composition and sequencing depth. Firstly, our method 
necessitates a minimum of three individuals per variety 
for model construction. This is because the model con-
struction involves calculating the sample standard devia-
tion within variety (representing the polymorphism 
of an SSR within a variety), which cannot be computed 
for a variety with only one individual. To ensure robust 
model construction and accurate classification results, 
we recommend including at least three individuals per 
variety. Additionally, the number of individuals per vari-
ety should be approximately equal during the initial stage 
of model construction. Secondly, although our method 
exhibits a compatibility with low sequencing depth, 
ensuring an appropriate sequencing depth remains 
essential. In Rhododendron case study, when we per-
formed 75% and 50% down-sampling, the model accu-
racy obtained through cross-validation began to decrease 
(Fig. 3). However, accuracy dropped slightly because our 
approach encodes the presence or absence of each SSR 
as a numerical character, which is minimally affected 
by down-sampling, reducing the risk of being entirely 
missed at lower sequencing depths. Even if some SSRs’ 
numerical characters change after down-sampling, our 
method leverages the collective effect of all selected SSRs 
for variety classification, minimizing the impact of losing 
a few SSRs on overall prediction accuracy. Nonetheless, a 
proper sequencing depth remains necessary. We recom-
mend an approximate depth of 10× to enhance the mod-
el’s robustness.

SSR_VibraProfiler may not apply to varieties with 
high intra-variety polymorphism. Due to the relatively 
high mutation rate of SSRs (ranging from 10− 2 to 10− 6 
per locus per generation [26]), some existing varieties, 
particularly those with a long breeding history or exten-
sive geographical distribution, may have accumulated 
substantial SSR variations. As a result, our method may 
not be able to extract reliable classification information 
from these varieties. The relatively poor performance 
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of SSR_VibraProfiler on the rice subpopulations dataset 
demonstrates this risk. Therefore, we exercise caution 
for applying our method to varieties with high internal 
polymorphism.

Conclusion
In this study, we introduced a method for distinguish-
ing and predicting individual varieties without requiring 
a reference genome. Our approach directly extracts SSR 
numerical characteristics from next-generation sequenc-
ing DNA data, focusing on SSRs with the property of 
intra-variety specificity and inter-variety polymorphism. 
We have packaged this method into a tool called SSR_
VibraProfiler, enabling the construction of an SSR-based 
DNA fingerprint database for variety identification. 
When applied to Rhododendron varieties, our method 
yielded excellent performance results. Additionally, our 
work will contribute to the development, identification, 
and protection of new varieties.
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