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ABSTRACT

Understanding genetic diversity and population structure is essential for efficiently using crop germplasm collections in 
breeding, yet a complete analysis requires many separate programs and command-line skills. This study aimed to develop Crop-
PopStructure, a web-based genomic platform that performs a full population genetic analysis of a germplasm collection from 
a VCF file and a population list, and to validate it on data with a known structure. The platform combines a Nextflow pipeline 
based on PLINK, VCFtools, and R packages with an R Shiny web interface accessible from a browser. It validates the input 
data and runs eleven analysis modules: genetic diversity indices, principal component analysis (PCA), discriminant analysis 
of principal components (DAPC), sNMF ancestry estimation, genomic kinship, a neighbor-joining tree, analysis of molecu-
lar variance (AMOVA), pairwise FST, private SNPs, SNP density, and linkage disequilibrium (LD) decay. HapMap files can 
be converted to VCF with TASSEL within the platform. The platform was tested on a simulated collection of 98 homozygous 
lines from four populations genotyped with 35,000 SNPs and generated under a hierarchical coalescent model. PCA separated 
all four populations (PC1 = 6.32%, PC2 = 1.96% of variance), and the BIC criterion indicated two main genetic groups corre-
sponding to the model’s two lineages. AMOVA attributed 21.9 % of molecular variance to differences among populations (ΦPT 
= 0.219; p < 0.001). Pairwise FST values were 0.037–0.039 between sister populations and 0.124–0.125 between lineages, re-
producing the simulated hierarchy. CropPopStructure allows breeders and geneticists without bioinformatics training to ob-
tain reproducible results that support forming core collections, selecting genetically distant parents, and controlling popula-
tion structure in association studies.

Keywords: population structure; genetic diversity; SNP genotyping; germplasm collection; breeding; Nextflow; Shiny; 
simulation.

INTRODUCTION

Plant germplasm collections are the main source of start-
ing material for breeding, and their efficient use depends on 
knowledge of their genetic diversity and structure [1; 2]. In-
formation on how a collection is divided into genetically dis-
tinct groups is needed to form core collections, to select pa-
rental pairs, and to plan crosses [3]. Unaccounted population 
structure is also a major source of false-positive associations 
in genome-wide association studies (GWAS) [4; 5; 6].

Advances in genotyping, such as genotyping-by-sequenc-
ing (GBS) and high-density SNP arrays, have made it routine 
to genotype hundreds of accessions with tens of thousands of 
markers [7; 8; 9]. Analytical methods have expanded along-
side data volume. Model-based methods estimate each acces-
sion’s ancestry proportions [10; 11; 12]. Multivariate methods, 
primarily PCA and DAPC, reveal structure without assuming 
Hardy–Weinberg equilibrium [13; 14]. Analysis of molecular 
variance (AMOVA) and fixation indices (FST) quantify popu-
lation differentiation [15; 16].

Each method is implemented in a separate program with 
its own input format, including PLINK, VCFtools, adegenet, 
and TASSEL [17; 18; 19; 20]. A complete analysis of a col-
lection therefore requires format conversion, sequential ex-
ecution of about a dozen tools, and reconciliation of sample 
identifiers between them. For breeders and geneticists without 
programming experience, this is a serious barrier, and manual 
execution reduces reproducibility. General-purpose web plat-
forms such as Galaxy lower the entry threshold but do not of-
fer a ready end-to-end workflow for the population structure 
analysis of plant collections [21].

Workflow management systems such as Nextflow and 
Snakemake describe an analysis as a reproducible chain of 
steps with automatic parallelization and resumption after 
failure [22; 23; 24]. Such pipelines follow the FAIR prin-
ciples, but on their own they still require work on the com-
mand line [25]. Combining a workflow system with a web 
interface makes the same reproducible analysis available to 
users who work only in a browser. Simulated data are conve-
nient for testing bioinformatic tools: unlike a real collection, 
the true structure of a simulated population is known in ad-
vance, which makes it possible to evaluate how accurately a 
method recovers it [26].

This work aimed to develop CropPopStructure, a web-
based genomic platform that combines complete population 
structure analysis of crop germplasm collections in a single 
interface to support breeding decisions, and to validate it on 
a simulated collection with a known structure.

MATERIALS AND METHODS

Platform architecture
CropPopStructure consists of two layers: a computational 

pipeline written in Nextflow (DSL2) and a web interface writ-
ten in R Shiny [22; 27; 28] (Figure 1). The pipeline includes 
19 processes: data preparation in PLINK 1.9 and VCFtools, 
quality control and construction of a unified data object in R, 
and eleven analysis modules [18; 29]. All programs are in-
stalled into a single conda environment from the Bioconda 
repository [30]. Modules run independently in parallel, and 
after a failure, the pipeline resumes from the last successfully 
completed step.
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The user uploads a VCF file (uncompressed or vcf.gz) and 
a two-column text file that assigns each sample to a popula-
tion. Before the run, the platform checks the input data (Table 
1). Each analysis is executed as a background job in a sepa-
rate folder on the server, so closing the browser does not in-
terrupt the computation. Progress is displayed from the Nex-
tflow trace, and figures and tables appear in the interface as 
soon as each module finishes. Each analysis receives a per-
manent link, and you can download all results as a single ar-
chive. Figures are saved in TIFF (600 dpi) and PDF formats.

Genotypes in HapMap format can be converted to VCF 
within the platform using TASSEL 5 [20]. The interface sets 
analysis parameters and passes them to the scripts through en-
vironment variables, so the platform is not tied to a particular 
crop; it detects chromosome names from the data and sorts 
them automatically.

Data preparation
The VCF file is converted to PLINK binary format with 

the --double-id option, which preserves the original sample 

names. Genotypes are recoded into a numeric 0/1/2 matrix 
(number of copies of the alternative allele) [17]. Population 
membership is taken from the user’s file and serves as the 
single source for all modules. At this step, we calculate miss-
ing-data rates per sample and per marker, and the number of 
monomorphic markers.

Analysis modules
Table 2 lists the analysis modules, methods, and their soft-

ware implementation. All plots are produced with ggplot2 and 
base R graphics [31].

Simulated collection
To validate the platform, a collection with a known struc-

ture was simulated with the coalescent simulator msprime [46; 
47]. The model included four populations with a hierarchical 
history. The ancestral population split into two lineages 1,500 
generations ago; 400 generations ago, each lineage split into 
two sister populations: PopA and PopB, and PopC and PopD. 
Each population had an effective size of 10,000. Weak sym-
metric migration at a rate of 5 × 10−5 per generation was al-

Figure 1. Metro map of the CropPopStructure Nextflow pipeline. Stations 
are pipeline processes grouped into eight stages; coloured lines show the data 
flows for data preparation, population structure, marker information, linkage 

disequilibrium, and diversity and differentiation.

Table 1. Input data checks performed before the analysis

Check Action if violated
VCF contains a #CHROM header line Run blocked

Every VCF sample is listed in the population file Run blocked; missing samples listed
No duplicated sample names Run blocked

SNP identifiers are present and unique Run blocked; correction command suggested
At least two populations; allowed characters in names Run blocked

Multi-allelic sites and indels Warning
Populations with fewer than three samples Warning
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lowed among all four populations. Mutation and recombina-
tion rates were 10−8 per base pair per generation. The genome 
was modeled as seven chromosomes of 30 Mb each (1H–7H, 
by analogy with barley).

To reproduce the genetics of self-pollinating crops, we 
modeled each sample as a homozygous line: we simulated 
a single haplotype and wrote it in diploid form. After sim-
ulation, we retained biallelic SNPs with a minor allele fre-
quency of at least 0.05 and randomly sampled 35,000 mark-
ers. To mimic real data, 1 % of genotypes were randomly set 
to missing. The final collection included 98 samples: PopA 
(25), PopB (25), PopC (24), and PopD (24) (Table 3). The 
simulated data were analyzed in CropPopStructure with de-
fault parameters (K = 3 in DAPC; 999 permutations in AM-
OVA).

RESULTS

The platform automatically performed the complete anal-
ysis of the simulated collection (98 samples × 35,000 SNPs) 
on the laboratory server, without manual intervention. The re-
sults of the modules that directly reflect population structure 
are presented below.

Table 2. Analysis modules of the CropPopStructure platform

Module Method and main parameters Implementation

Genetic diversity MAF, Ho, He, PIC, Shannon index, FIS, percentage of polymorphic loci; no 
imputation [32; 33] custom R functions

PCA Standardized genotype matrix; missing values replaced by marker mean 
[13] R (prcomp)

DAPC find.clusters (K = 1–20, BIC), k-means on 20 PCs, cross-validation of 
retained PCs (100 replicates) [14; 34] adegenet [19; 35]

sNMF K = 1–15, 10 replicates, α = 100, K chosen by cross-entropy [12] LEA [36]

Genomic kinship VanRaden relationship matrix, heatmap rrBLUP, ComplexHeatmap 
[37; 38; 39]

NJ tree 1 − IBS distance, neighbor-joining [40] PLINK, ape [41]
AMOVA Nei’s genetic distance, 999 permutations [15; 42] StAMPP, pegas [43; 44]
Pairwise FST Weighted Weir–Cockerham estimator [16] VCFtools [18]
Private SNPs Alternative allele present in only one population custom R functions
SNP density Number of markers in 1 Mb windows along chromosomes custom R functions

LD decay r2 for marker pairs within 10 Mb; means and medians in 100 kb bins; 
threshold r2 = 0.2 [4; 45] PLINK, R

Table 3. Parameters of the simulated collection

Parameter Value
Number of samples (PopA / PopB / PopC / PopD) 98 (25 / 25 / 24 / 24)
Number of SNPs 35,000
Chromosomes 7 × 30 Mb
Effective population size, Ne 10,000
Split between lineages AB and CD 1,500 generations ago
Split within lineages 400 generations ago
Migration rate 5 × 10−5 per generation
Mutation / recombination rate 10−8 / 10−8 per bp per generation
Sample type homozygous lines
Minimum minor allele frequency 0.05
Missing genotypes 1 %

Figure 2. Principal component analysis of the simulated collection 
(PC1 and PC2). The percentage of explained variance is given in 

parentheses.
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Principal component analysis
PCA clearly divided the collection into four non-overlap-

ping groups that matched the simulated populations (Figure 
2). The first principal component (6.32% of variance) sepa-
rated the model’s two lineages: PopA and PopB were on the 
negative side of the axis, and PopC and PopD on the posi-
tive side. The second component (1.96 %) separated the sis-
ter populations within each lineage. No sample fell into an-
other population’s cluster.

Discriminant analysis of principal components
The BIC curve of the find.clusters algorithm reached its 

minimum at K = 2 (Figure 3). Values at K = 3 and K = 4 ex-
ceeded the minimum by only 1–2 units, and at K > 4 the BIC 
increased monotonically. This agrees with the hierarchical 
model: the most pronounced level of structure is the two lin-
eages, while differences within lineages are weaker.

With K = 3, DAPC merged PopA and PopB into a single 
cluster of 50 samples and assigned PopC and PopD to sepa-
rate clusters of 24 samples each (Figure 4). In the scatter plot, 
the first discriminant function (LD1) separated the lineages 
and the second (LD2) separated PopC from PopD. All sam-
ples were assigned to their clusters with posterior probabili-
ties close to 1; no admixed samples were detected.

Analysis of molecular variance
AMOVA showed that 21.9% of molecular variance was 

due to differences among populations and 78.1% to variation 
within populations (Table 4). The differentiation index ΦPT 
was 0.219, and the differences were highly significant (p < 
0.001; 999 permutations).

Genetic distances and pairwise FST

The mean Nei’s genetic distance between samples of the 
same population was 0.318–0.319 (Table 5). It increased to 
0.333–0.334 between samples of sister populations and to 
0.373–0.374 between samples of different lineages.

Pairwise FST values (Table 5, Figure 5) followed the same 
hierarchy. Differentiation between sister populations was 
moderate (PopA–PopB: 0.037; PopC–PopD: 0.039). Between 

Figure 3. Bayesian information criterion (BIC) values for K = 
1–20 clusters. The dashed line marks the K used in the analysis.

Figure 4. DAPC at K = 3: A – scatter plot of samples on the first 
two discriminant functions, with colors and shapes indicating 

the simulated populations; B – posterior probabilities of cluster 
membership.

Table 4. Analysis of molecular variance (AMOVA)

Source of variation df SSD MSD Variance component %
Among populations 3 1.197 0.399 0.0142 21.9
Within populations 94 4.765 0.051 0.0507 78.1
Total 97 5.963 0.061 0.0649 100

ΦPT = 0.219; p < 0.001 (999 permutations).

Table 5. Pairwise FST (above the diagonal) and mean Nei’s genetic distances between samples (below and on the diagonal)

PopA PopB PopC PopD
PopA 0.318 0.037 0.124 0.124
PopB 0.333 0.318 0.125 0.125
PopC 0.373 0.374 0.319 0.039
PopD 0.373 0.373 0.334 0.318
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populations of different lineages, it was about 3.3 times higher 
(0.124–0.125). Differences between FST values within each 
level did not exceed 0.002, consistent with the symmetric sim-
ulation model.

DISCUSSION

CropPopStructure recovered the simulated structure at all 
levels of the hierarchy. PCA identified all four populations, 
and the principal components matched the model’s order of 
events: PC1 reflects the older split between lineages, and PC2 
the more recent splits within lineages. The low proportion of 
variance explained by the first components (6.32 and 1.96 %) 
is typical of data with tens of thousands of markers and does 
not indicate weak structure [13]. The clear cluster separation 
in Figure 2 shows that the platform reliably distinguishes even 
sister populations with FST of about 0.04.

Pairwise FST values agreed quantitatively with the model. 
The older split between lineages produced about three times 
greater differentiation than the recent splits within lineages. 
Absolute FST values depend on the estimator and on the al-
lele frequency spectrum: the Weir–Cockerham estimator ac-
counts for sample size, and the removal of rare alleles (MAF 
≥ 0.05) shifts the values [16; 48]. Therefore, when compar-
ing collections, the platform reports the calculation method, 
ensuring uniform implementation [49]. AMOVA (21.9% of 
variance among populations) and Nei’s genetic distances in-
dependently confirmed the same pattern [15; 42].

Choosing the number of clusters in DAPC illustrates a 
general issue with clustering methods. The BIC criterion 
pointed to K = 2, the upper level of the hierarchical struc-
ture, whereas the true number of populations was four. Simi-
lar BIC values at K = 2–4 reflect multiple levels of structure 
rather than a methodological error [14]. The same behavior is 
known for STRUCTURE and ADMIXTURE: formal criteria 
for choosing K often indicate the deepest level of subdivision 
[50; 51]. Clustering results should therefore be interpreted at 
several values of K, together with PCA, FST and biological in-
formation about the collection [52]. The platform supports this 
approach: it reports the BIC curve and sNMF cross-entropy 
for K = 1–15 and allows quick reruns for other K values. Us-
ing homozygous lines in the simulation reflects the genetics 

of self-pollinating crops such as barley, wheat, and chickpea. 
In such data, observed heterozygosity is near zero, and FIS is 
near one, which must be considered when interpreting diver-
sity indices [33]. Methods that do not require Hardy–Wein-
berg equilibrium (PCA, DAPC, sNMF) are particularly suit-
able for such collections [12; 14]. The platform also supports 
heterozygous data from cross-pollinating crops.

For breeding programs, the platform’s outputs translate 
directly into decisions. PCA, DAPC, and sNMF-identified 
groups guide the formation of core collections that capture a 
gene bank’s diversity with a minimal number of accessions 
[1]. Pairwise FST, genetic distances, and the kinship matrix 
help select genetically distant parental pairs and avoid crosses 
between closely related lines [3; 38]. Principal components 
and the kinship matrix are standard covariates for controlling 
population structure and relatedness in GWAS [5; 6], and LD 
decay determines the marker density required for association 
mapping [4]. Private SNPs indicate populations that carry 
unique variation and deserve conservation priority. CropPop-
Structure’s main advantages over using separate programs are 
reproducibility and accessibility. The analysis chain is defined 
in Nextflow and all programs are installed from Bioconda, so 
identical inputs always produce identical results [22; 30]. The 
web interface removes the need for the command line, and in-
put validation prevents the most common errors: mismatched 
sample names, empty SNP identifiers, and invalid population 
names. Unlike general-purpose platforms, CropPopStructure 
provides a ready end-to-end workflow specifically for the pop-
ulation structure analysis of collections [21]. We validated 
the platform on a single simulation scenario with relatively 
strong, symmetric structure; a full evaluation requires scenar-
ios with weak differentiation, unequal sample sizes, admixed 
individuals, and different proportions of missing data [26; 51]. 
The memory required for LD calculation grows rapidly with 
the number of markers. Future work will apply the platform to 
real crop collections, add containerization for portability be-
tween servers, and introduce user access control [53].

CONCLUSIONS

The CropPopStructure web platform combines, in a sin-
gle browser interface, complete population structure analysis 
of crop germplasm collections from SNP data, from VCF val-
idation to eleven types of analysis with ready figures and ta-
bles. On a simulated collection of 98 homozygous lines from 
four populations, the platform correctly recovered the sim-
ulated hierarchical structure: PCA and pairwise FST identi-
fied all four populations and both levels of differentiation, 
and AMOVA confirmed significant differences among popu-
lations (ΦPT = 0.219; p < 0.001). The platform makes popu-
lation genetic analysis accessible to breeders and geneticists 
without programming skills, ensures reproducible results, and 
provides the information needed to form core collections, se-
lect parental lines, and control population structure in asso-
ciation studies.
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АННОТАЦИЯ

Знание генетического разнообразия и популяционной структуры необходимо для эффективного использования кол-
лекций сельскохозяйственных культур в селекции, однако полный анализ требует запуска многих отдельных программ 
и навыков работы в командной строке. Цель работы — разработать веб-платформу CropPopStructure, выполняющую 
полный популяционно-генетический анализ коллекции по VCF-файлу и списку популяций, и проверить её на данных 
с известной структурой. Платформа объединяет конвейер Nextflow на основе PLINK, VCFtools и R-пакетов с веб-ин-
терфейсом R Shiny. Она проверяет входные данные и выполняет одиннадцать модулей анализа: индексы генетического 
разнообразия, анализ главных компонент (PCA), дискриминантный анализ главных компонент (DAPC), оценку пред-
ковой принадлежности sNMF, геномное родство, NJ-дерево, AMOVA, попарные FST, приватные SNP, плотность SNP 
и затухание неравновесия по сцеплению. Файлы HapMap конвертируются в VCF средствами TASSEL. Платформа про-
верена на симулированной коллекции из 98 гомозиготных линий четырёх популяций (35 000 SNP), полученной по ие-
рархической коалесцентной модели. PCA разделил все четыре популяции (PC1 — 6,32 %, PC2 — 1,96 % дисперсии), 
критерий BIC указал на две основные генетические группы, соответствующие двум ветвям модели. AMOVA отнесла 
21,9 % молекулярной изменчивости к различиям между популяциями (ΦPT = 0,219; p < 0,001). Попарные FST соста-
вили 0,037–0,039 между сестринскими популяциями и 0,124–0,125 между ветвями, что воспроизводит заданную ие-
рархию. CropPopStructure позволяет селекционерам и генетикам без подготовки в биоинформатике получать воспро-
изводимые результаты для формирования ядерных коллекций, подбора генетически отдалённых родительских форм 
и учёта популяционной структуры в ассоциативных исследованиях.

Ключевые слова: популяционная структура; генетическое разнообразие; SNP-генотипирование; коллекция гене-
тических ресурсов; селекция; Nextflow; Shiny; симуляция.
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АҢДАТПА

Ауыл шаруашылығы дақылдары коллекцияларын селекцияда тиімді пайдалану үшін олардың генетикалық әртүр-
лілігі мен популяциялық құрылымын білу қажет, алайда толық талдау көптеген жеке бағдарламаларды іске қосуды 
және командалық жолда жұмыс істеу дағдысын талап етеді. Жұмыстың мақсаты — VCF файлы мен популяциялар 
тізімі бойынша коллекцияның толық популяциялық-генетикалық талдауын орындайтын CropPopStructure веб-платфор-
масын әзірлеу және оны құрылымы белгілі деректерде тексеру. Платформа PLINK, VCFtools және R пакеттеріне негіз-
делген Nextflow конвейерін R Shiny веб-интерфейсімен біріктіреді. Ол кіріс деректерін тексеріп, он бір талдау модулін 
орындайды: генетикалық әртүрлілік индекстері, негізгі компоненттер талдауы (PCA), негізгі компоненттердің дискри-
минанттық талдауы (DAPC), sNMF арқылы ата-тектік үлесті бағалау, геномдық туыстық, NJ ағашы, AMOVA, жұптық 
FST, жеке (private) SNP, SNP тығыздығы және тіркесу теңсіздігінің бәсеңдеуі. HapMap файлдары TASSEL көмегімен 
VCF форматына түрлендіріледі. Платформа иерархиялық коалесценттік модель бойынша алынған, төрт популяцияның 
98 гомозиготалы линиясынан (35 000 SNP) тұратын симуляцияланған коллекцияда тексерілді. PCA төрт популяцияны 
да ажыратты (PC1 — 6,32 %, PC2 — 1,96 % дисперсия), ал BIC критерийі модельдің екі тармағына сәйкес келетін екі 
негізгі генетикалық топты көрсетті. AMOVA молекулалық өзгергіштіктің 21,9 %-ын популяциялар арасындағы айы-
рмашылықтарға жатқызды (ΦPT = 0,219; p < 0,001). Жұптық FST мәндері туыс популяциялар арасында 0,037–0,039, 
ал тармақтар арасында 0,124–0,125 болды, бұл берілген иерархияны дәл қайталайды. CropPopStructure биоинформа-
тикалық дайындығы жоқ селекционерлер мен генетиктерге ядролық коллекцияларды қалыптастыру, генетикалық ал-
шақ ата-аналық формаларды іріктеу және ассоциативтік зерттеулерде популяциялық құрылымды ескеру үшін қайта-
ланатын нәтижелер алуға мүмкіндік береді.

Түйін сөздер: популяциялық құрылым; генетикалық әртүрлілік; SNP-генотиптеу; генетикалық ресурстар коллек-
циясы; селекция; Nextflow; Shiny; симуляция.
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