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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 F, 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 (&,
=0.219; p <0.001). Pairwise F 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 (F;) 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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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.

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 VCEF file is converted to PLINK binary format with
the --double-id option, which preserves the original sample

Table 1. Input data checks performed before the analysis

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 x 107> per generation was al-

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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Table 2. Analysis modules of the CropPopStructure platform

Module

Method and main parameters

Implementation

MAF, H , H,, PIC, Shannon index, F,

Genetic diversity imputation [32; 33] 1s”

percentage of polymorphic loci; no

custom R functions

Standardized genotype matrix; missing values replaced by marker mean

PCA [13] R (prcomp)
find.clusters (K = 1-20, BIC), k-means on 20 PCs, cross-validation of .

DAPC retained PCs (100 replicates) [14; 34] adegenet [19; 33]

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

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

NIJ tree 1 — IBS distance, neighbor-joining [40] PLINK, ape [41]

AMOVA Nei’s genetic distance, 999 permutations [15; 42] StAMPP, pegas [43; 44]

Pairwise F' .

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 threshold 12 = 0.2 [4; 45]

12 for marker pairs within 10 Mb; means and medians in 100 kb bins;

PLINK, R

lowed among all four populations. Mutation and recombina-
tion rates were 107 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 x 35,000 SNPs)
on the laboratory server, without manual intervention. The re-

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

sults of the modules that directly reflect population structure parentheses.
are presented below.
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 x 30 Mb
Effective population size, N, 10,000

Split between lineages AB and CD

1,500 generations ago

Split within lineages

400 generations ago

Migration rate

5 x 1075 per generation

Mutation / recombination rate

1078/ 1078 per bp per generation

Sample type

homozygous lines

Minimum minor allele frequency

0.05

Missing genotypes

1%
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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.

DAPC find.clusters diagnostic BIC

820

810

790

780

4 5 6 7 8 9 1011121314 1516 17 18 19 20
Number of clusters (K)

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

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.

Table 4. Analysis of molecular variance (AMOVA)

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.

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 @,
was 0.219, and the differences were highly significant (p <
0.001; 999 permutations).

Genetic distances and pairwise F,

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

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

@,.=0.219; p <0.001 (999 permutations).

Table 5. Pairwise I (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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Figure 5. Heatmap of pairwise weighted F; values among the
simulated populations.

populations of different lineages, it was about 3.3 times higher
(0.124-0.125). Differences between F 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: PCI 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 F_ of about 0.04.

Pairwise F values agreed quantitatively with the model.
The older split between lineages produced about three times
greater differentiation than the recent splits within lineages.
Absolute F 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, F, and biological in-
formation about the collection [52]. The platform supports this
approach: it reports the BIC curve and sSNMF 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 F,, 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 F, identi-
fied all four populations and both levels of differentiation,
and AMOVA confirmed significant differences among popu-
lations (&, = 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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PA3BPABOTKA TEHOMHOM IJIAT®OPMbI CROPPOPSTRUCTURE JIJISI AHAJIU3A
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AHHOTAINNUA

3HaHKe TeHETHYECKOTO pa3HO00pa3ust M MOIYJISIIIHOHHOM CTPYKTYPBI HEOOX0AMMO 15t 3((pEeKTHBHOTO HCIIONB30BAHMS KOJI-
JIEKIUHN CeNbCKOXO3AHCTBEHHBIX KYJIBTYpP B CEJIEKIIMHU, OJJHAKO MOJHBII aHai3 TpedyeT 3almyCcka MHOTHX OTAEIBHBIX POrpaMm
Y HaBBIKOB Pa0bOTHI B KOMaHIHOM cTpoke. Llems paboTel — pa3paborars BebO-uathopmy CropPopStructure, BRIIOTHSIONTYO
TIOJIHBIH MOMYJISIIIMOHHO-TEHETHYEeCKUH aHam3 KoJuteKuy 1o VCF-¢aiiny u criucky nomysnsiui, 1 IpoBEpUTH €€ Ha TaHHBIX
C M3BECTHOM cTpykTypoil. [Inarpopma oowenunsier kouseiiep Nextflow Ha ocHoBe PLINK, VCFtools u R-makeToB ¢ BeO-uH-
tepdeticom R Shiny. Ona npoBepsieT BXoAHbIE JaHHBIE U BHINOJIHAET OJUHHANATE MOTYJICH aHaIN3a: HH/AEKCHl TEeHETHYECKOTO
pa3Hoo0Opasus, aHau3 IIaBHBIX KoMIoHeHT (PCA), TMCKpUMHUHAHTHBIA aHanu3 TaBHbIX komnoHeHT (DAPC), onenky npen-
koBoil mpuHaanexxHoctu SNMF, renomuoe poactso, NJ-gepeBo, AMOVA, nonapusie FST, npusarusie SNP, miiotHocts SNP
U 3aTyXaHHe HepaBHOBecus Mo creruieHuro. Daitner HapMap xoneeptupyrorcs B VCF cpenctBamu TASSEL. [Tnargopma mpo-
BEpEeHA Ha CUMYJIUPOBAHHOMN KOJIJIEKIIUH U3 98 TOMO3ZUTOTHBIX JTUHUN 4eThIpéX nomyssiiuii (35 000 SNP), monmyueHHo# no ue-
papxuyeckoii koanecueHTHor moaenu. PCA pasaenun Bce uetsipe nonyssiuu (PC1 — 6,32 %, PC2 — 1,96 % nucnepcun),
kputepuii BIC yka3an Ha Be OCHOBHBIE TeHETHUECKHE TPYIIIIBI, COOTBETCTBYIOIINE ABYM BeTBsIM Moaenu. AMOVA otHecna
21,9 % MonekynspHONH U3MEHUYUBOCTH K pa3nuuusM Mexay nomymsinusamu (PPT = 0,219; p < 0,001). ITonapusie FST cocra-
Bunu 0,037-0,039 mexny cectpuHckuMu nomymnauusmu 1 0,124-0,125 mexay BeTBIMHU, UTO BOCIIPOU3BOIUT 3a/laHHYIO He-
papxwuto. CropPopStructure mo3BonseT ceJieKIMOHepaM U TeHeTHKaM 0e3 MOJr0TOBKH B OMOWH(OpMATHKE TT0JTy4aTh BOCIIPO-
W3BOAMMBIE PE3YIBTAThI U151 POPMHUPOBAHUS SIEPHBIX KOIJIEKIUI, T0100pa TeHETHYECKH OTAAIEHHBIX POJUTENBCKIX (OpM
U y4€Ta NOMYJIALUOHHON CTPYKTYpHI B aCCOIIMATHUBHBIX UCCIIEIOBAHUSAX.

Ki1io4eBble ci10Ba: MONMyJSIIMOHHASI CTPYKTYpa; FTeHeTHIecKoe pasHooopaszue; SNP-reHoTHIINpOBaHME; KOJUIEKIUS TeHe-
THYECKHUX pecypcoB; cenekuusi; Nextflow; Shiny; cumyssiust.
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AHJATIIA

AyBUI IIapyaIIbUIBIFB! JaKbUIIAPH! KOIICKIMSUIAPEIH CENEKIHsIa THIMAI Taiaaaany YIIiH oJapAblH TeHETHKAIBIK 9pTYp-
JIITITT MEH MOMYJISIHSIIBIK KYPBUIBIMBIH OlTy Ka’KeT, anaiiia TOJIBIK Tajay KeIlTeTeH XKeKe OarmapiaManapabl icke KOCy/Ibl
YKOHE KOMaHIAJIBIK JKOJIIA KYMBIC ICTEy NarApIChIH Tamnar eteni. JKymbicTeiH MakcaTsl — VCF ¢aiinsl MeH nomymsanusiiap
Ti3iMi OOMBIHINA KOJDIEKIUSHBIH TOJBIK IOy ISIHITBIK-TEHETHKAIIBIK TalaaybIH opeiHaaiTeiH CropPopStructure Be6-mardop-
MACBIH J31pJIey XKOHE OHBI KYPBUTBIMBI Oenrini nepexrepae Tekcepy. [Imarpopma PLINK, VCFtools xxone R makerrepine Heriz-
nenreH Nextflow xonBeiiepin R Shiny Be6-unaTepdeiicimen Gipikripeni. O Kipic AepeKTepiH TeKcepin, oH Oip Tangay MOIYITiH
OPBIHAANABI: TEHETUKAIBIK SPTYPIILTIK HHACKCTEPI, HETi3Ti KoMrmoHeHTTep Tanaaysl (PCA), Heri3ri KOMIOHEHTTEpIiH TUCKPH-
MuHAHTTHIK Tanaaysl (DAPC), SNMF apKpDIbI aTa-TeKTiK ylIecTi Oaraay, TeHOMABIK TyBICTHIK, NJ aramsr, AMOVA, KYIITBIK
FST, xxexke (private) SNP, SNP THIFBI3IBIFBI KOHE TipKecy TEHCI3IITiHIH 0acenaeyi. HapMap ¢aitngapsr TASSEL kemerimMen
VCF ¢opmarsira Typrnergipineni. [Imatgopma nepapXusuiblK KOaIeCIEHTTIK MOIeh OOMBIHINA aIBIHFAaH, TOPT MOYIISIIUSTHBIH
98 romozurortans! muHUACHHAH (35 000 SNP) TypaThiH CUMYISISsIIaHFaH KoJwleknusaaa Tekcepingi. PCA TepT momynsusHeL
na axsIpartel (PC1 — 6,32 %, PC2 — 1,96 % mucnepens), an BIC kputepniii MogenbIiH €Ki TapMarbiHa COHKeC KEeJETiH eKi
HETI3r1 FeHeTHKANBIK TonThl KepceTTi. AMOVA MonekynanbIK e3reprimTikTie 21,9 %-bIH nomysinusuiap apachlHIaFb! aibl-
pMamsiIbIKTapFa Katke3ael (OPT = 0,219; p < 0,001). Xyneik FST mornepi Tysic nomymsnusitap apaceraaa 0,037-0,039,
an tapmakrap apacsiaga 0,124-0,125 6onabl, Oyi1 OepinreH nepapXusHel 101 Kaitanaiasl. CropPopStructure 6umonadopma-
THKAJIBIK JaHbIHBIFBI )KOK, CEJICKIIMOHEPIIEP MEH TeHETHKTEPTe SAPOIBIK KOJIIEKINSUIAPABI KaIbITACTHIPY, TEHETHKAIIBIK ajl-
113K aTa-aHaJbIK (hopMatapasl ipikTey *KIHE acCOLMATUBTIK 3epTTEYNEpe NOMYIIAIHSIBIK KYPBUIBIMIBI €CKEepY YIIiH KalTa-
JIAHATHIH HOTIDKENEp adyFa MYMKIHIIK Oeperi.

TyiiiH ce3aep: NOMYJSIIUSIIBIK KYPbUTBIM; TEHETUKAIBIK OpTYPIiiik; SNP-reHOTHIITeY; TeHEeTHKAIIBIK PecypcTap KOoJUIeK-
nusicer; cenekius; Nextflow; Shiny; cumymsims.
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