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ABSTRACT

Based on the analysis of global experience and our own preliminary studies aimed at identifying associations between ath-
letic performance potential and individual genotypes across 97 SNP polymorphisms (75 candidate genes), interpretations of
possible genotype variants for an athlete’s genetic passport were developed. A software program and several auxiliary scripts
were created using the RStudio development environment and the Python programming language. The developed tools effi-
ciently create and update databases containing the required genetic information, reducing the time needed to develop a genetic
passport while minimizing the risk of errors. These tools significantly improved the efficiency of storing, sorting, and processing
primary data obtained from genome-wide SNP microarray genotyping. The reduction of human involvement in the repetitive
process of collecting and comparing tables minimized the risk of errors and facilitated the analysis of genotyping data. Automa-
tion of primary and secondary processing of genome-wide SNP microarray genotyping data, genotype interpretation, database
updating, and generation of completed genetic passport reduced data processing time from several months to 20-30 minutes.
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INTRODUCTION

The rapid development of modern genotyping technol-
ogies has greatly improved access to information regard-
ing both population-wide and individual genetic variation
in humans depending on genetic polymorphism. Due to the
achievements of GWAS (Genome-Wide Association Studies),
it has become clear that common human diseases and com-
plex physical traits are determined not by single mutations but
by the cumulative contribution of many genetic variants re-
sulting from single-nucleotide polymorphisms (SNPs). Con-
temporary approaches, including whole-genome sequencing
and genome-wide SNPs-microarray analysis, make it possi-
ble to obtain extensive genomic information from relatively
small amounts of biological material. These technologies en-
able large-scale analysis of nuclear and mitochondrial genetic
variation with high speed and accuracy.

The role of hereditary factors in determining physiological
characteristics and athletic abilities has become an important
topic in sports science research. Elite athletic performance is
associated with the realization of an individual’s physical po-
tential, which is believed to be strongly influenced by genetic
background. Current estimates suggest that hereditary factors
account for approximately 75-80% of athletic predisposition,
while factors such as coaching, training intensity, diet, life-
style, and psychological preparedness further influence the de-
velopment and expression of sport-specific abilities.

Despite being a relatively young field of research, sports
genetics has already demonstrated considerable practical
value. Its applications are particularly relevant during child-
hood and adolescence, when many physiological character-
istics associated with future athletic specialization are es-
tablished and developed. As a result, genetic information is
increasingly being considered as a complementary tool for un-
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derstanding individual differences in sport-related traits and
physical capabilities. Recent genome-wide association stud-
ies have identified a large number of polymorphic loci asso-
ciated with athletic performance and exercise-related traits [1,
2]. Some genetic variants are linked not only to enhanced per-
formance in certain categories of sports but also to predispo-
sition to sports-related injuries. Complex athletic traits such
as muscular strength, endurance capacity, speed, recovery af-
ter physical activity, and adaptive muscle responses are con-
trolled through interactions among multiple genes and envi-
ronmental factors. The combined effects of these mechanisms
contribute to the formation of important athletic characteris-
tics including power, speed, and endurance [3,9].

Metabolic variability and hormonal regulation are also
essential considerations in professional sports because ath-
letes are regularly exposed to intense physical exercises. Ge-
netic differences may influence susceptibility to injuries, ex-
ercise-induced disorders, and dysfunctions affecting particular
organs or physiological systems [10]. In addition to physical
performance, psychological stability plays a critical role in
competitive sports. The demands of elite-level sports place
considerable psychological and emotional strain on athletes.
As aresult, effective stress management and adaptive capacity
are recognized as key factors influencing training outcomes
and competitive success. Behavioral and neuropsychological
traits such as motivation, stress tolerance, leadership qual-
ities, decision-making ability, prioritization, and teamwork
may substantially influence athletic success [11,12].

Within the framework of the targeted research project en-
titled “Development of an integrated system for training elite
athletes and prospective Olympic reserves in sports priori-
tized in Kazakhstan based on physiological and genetic as-
sessment” (BR18574139), a genetic passport for athletes was
created. The proposed system provides a comprehensive as-
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sessment of the influence of specific genotypes and allelic
variants on inherited traits associated with athletic perfor-
mance as well as susceptibility to sports-related disorders and
pathological conditions.

The application of a genetic passport is not limited to the
identification and selection of talented athletes. It also rep-
resents a valuable tool for designing personalized training pro-
grams that take into account the unique genetic and physio-
logical characteristics of an individual. Furthermore, genetic
information can be used to identify potential health risks,
evaluate individual metabolic responses to nutrients and di-
etary components, and support the development of customized
nutritional strategies based on genomic profiles.

Implementation of personalized genomic approaches in
sports may support more effective decision-making regard-
ing training processes, nutrition, and rehabilitation strate-
gies, ultimately improving athletic performance and reduc-
ing the probability of injuries. Furthermore, individualized
approaches based on genetic data may contribute to higher
competitiveness in international sports. Nevertheless, the col-
lection, storage, and interpretation of genetic information re-
quire careful consideration of ethical principles, confidential-
ity, and data protection.

Despite the high efficiency of modern technologies for
generating genomic information, processing and interpreta-
tion of genome-wide SNP-array datasets remain labor-inten-
sive and computationally demanding. Primary and secondary
analysis of genome-wide data may require long processing
times and frequently involve customized analytical proce-
dures. Therefore, practical and commercial implementation
of such technologies depends on optimization of bioinfor-
matic pipelines and automation of analytical workflows. In
studies aimed at rapid interpretation of genomic data, includ-
ing evaluation of hereditary disorders, genetic susceptibility to
diseases, or assessment of athletic potential, efficient filtering
strategies and optimized computational approaches are espe-
cially important. Improved data processing methods also fa-
cilitate more secure management and storage of sensitive ge-
netic information obtained from biological samples.

Optimization of genome-wide SNP-array data-process-
ing workflows may accelerate the extraction of relevant geno-
type information and the generation of standardized individual
reports. Such developments may contribute to more accurate
identification of athletic predispositions, enhancement of train-
ing methodologies, and prevention of sports-related injuries.

Accordingly, the aim of the present study was to optimize
the processing and storage of genome-wide SNP genotyping
data and to improve the generation of athlete genetic passport
using computational and bioinformatic approaches.

MATERIALS AND METHODS

Study subjects

The present study utilized previously generated ge-
nome-wide SNP microarray data comprising approximately
654,027 genetic markers from 1,415 participants. The data-
set included three groups of participants. The first group com-
prised 934 professional athletes, including candidates for mas-
ter of sport, masters of sport, champions, and prize winners of
regional, national, Asian, and international competitions. The

second group consisted of 239 recreational athletes who regu-
larly attended fitness centers and gyms, while the third group
included 242 individuals who did not participate in organized
sports activities. Questionnaire data and written informed con-
sent had been obtained from all participants during the orig-
inal data-collection stage (research project BR18574139 “De-
velopment of an integrated system for training highly qualified
athletes and promising Olympic reserves in sports prioritized in
Kazakhstan based on physiological and genetic assessment” for
the 2022-2024). The study protocol was approved by the Lo-
cal Ethics Committee of the Institute of Genetics and Physi-
ology under the Committee of Science of the Ministry of Ed-
ucation and Science of the Republic of Kazakhstan (Protocol
No. 5, July 25, 2022). Confidentiality of personal and genetic
information was ensured throughout the study, and partici-
pants retained the right to control disclosure and interpreta-
tion of results related to their genetic characteristics and ath-
letic predisposition.

Our study objects included DNA samples from provided
collection, raw genotyping individual data obtained with Illu-
mina iScan platform were our study objects, that processed in
the present study. Questionnaire, physical, physiological, and
biochemical data collected within the previous project were
not reanalyzed. Previously established associations between
genotypes and physical and biochemical characteristics were
used as the basis for developing the interpretation framework
for the athlete genetic profile [13].

Genome-wide SNP microarray genotyping

Genome-wide SNP microarray genotyping was performed
using the Illumina iScan System and the Infinium Global
Screening Array-24 v3.0 Kit (Illumina, USA), which assays
approximately 654,027 predefined genetic markers distrib-
uted across the genome.

DNA samples with a minimum concentration of 50 ng/uL
and a purity ratio of 1.75-1.80 were used for SNP microarray
genotyping. Sample preparation was performed using the In-
finium Automation Kit — 8 Tip Tecan Non-LIMS automated
workstation (Illumina, USA). Genotyping was carried out ac-
cording to the Infinium HTS Automated Workflow.

Processing of genome-wide SNP genotyping data

Initial processing and quality assessment of the SNP mi-
croarray data were performed using Illumina GenomeStudio
v.2010.3 (Illumina, USA). Samples with genotype call rates
below 95% were excluded from further processing. The re-
sulting genotype data were exported in PLINK-compatible
formats for subsequent extraction and structuring.

The bioinformatic workflow included verification of sam-
ple identifiers, SNP identifiers, chromosomal and mitochon-
drial localization of the markers, genomic coordinates, and
homozygous or heterozygous genotype states. Genotype calls
were represented as diploid genotypes for each biallelic SNP.

Annotation of genetic variants

Candidate genetic variants were annotated using the En-
sembl BioMart package [14, 15]. BioMart was used to retrieve
information on SNP identifiers, chromosomal locations, ge-
nomic coordinates, corresponding genes, and functional anno-
tations. All genomic coordinates and variant annotations used
in the present study corresponded to the GRCh38/hg38 refer-
ence genome assembly. Additional information on previously
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reported SNP—phenotype associations was obtained from pub-
licly available genomic resources, including the GWAS Cata-
log (https://www.ebi.ac.uk/gwas/), dbSNP (https://www.ncbi.
nlm.nih.gov/snp/), ClinVar (https://www.ncbi.nlm.nih.gov/cl-
invar), and the 1000 Genomes Project database (https:/www.
internationalgenome.org/1000-genomes-browsers).

Information on previously established associations be-
tween genetic variants and physical and biochemical char-
acteristics of athletes was obtained from the report of the
research project “Development of an integrated system for
training highly qualified athletes and promising Olympic re-
serves in sports prioritized in Kazakhstan based on physiolog-
ical and genetic assessment” (BR18574139-0T-23).

Based on the BioMart annotations, information from pub-
lic genomic databases, and previously established genotype—
phenotype associations, a panel of 97 SNPs located in or near
75 candidate genes was compiled. For each selected SNP, pos-
sible diploid genotypes, their corresponding interpretations,
and predefined reporting scores were included in the interpre-
tation database [13]. The list of selected SNPs is represented
as Supplementary Table S1.

Structuring of genome-wide SNP genotyping data

Individual-level SNP microarray genotype datasets were
extracted using PLINK v1.9. Data-extraction procedures were
automated using Python version 3.13.3. Subsequent sorting
and organization of the extracted genotype information were
performed in R, with RStudio version 2024.04.2+764 used as
the development environment.

The 97 SNPs were organized into four reporting catego-
ries: physical performance traits, predisposition to sports-re-
lated injuries and pathological conditions, metabolism and
nutrition, and psychogenetic characteristics. The annotated
variants, genotype-specific interpretations, and predefined re-
porting scores were stored in Microsoft Excel (.xlsx) format.

Scaling and scoring the phenotype expression

To facilitate interpretation of the results by athletes and
qualified specialists, a standardized 10-point scale was ap-
plied separately to each evaluated characteristic. We’ve been
supposed that the maximum score of 10 points represents the
highest interpreted expression of the corresponding pheno-
type or low risk of sport-related disease development. Score
of 5 point corresponds to typical phenotype/risk expression
(average or norm). Scores below 5 represented a low level of
athlete’s phenotype expressivity or high risk of disease de-
velopment.

Each characteristic responsible genotype interpretation
was evaluated regarding the trait expressivity.

When a characteristic was represented by multiple SNPs,
the predefined scores assigned to the observed genotypes
scores were summed according to the following equation:

P=%0x;+x:+...+x,), (1)

where P is the final score for the evaluated characteristic
(maximum 10 points), is the number of SNPs included in the
assessment. For each characteristic, genotype-specific values
were assigned so that the sum of the maximum possible con-
tributions of all included SNPs was equal to 10 points. The
maximum point for each SNP input was estimated consider-
ing the function of related genes. So, if the individual presents
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the favorable genotypes for all responsible SNPs, the score of
trait expressivity should give the maximum score (10 points).

Databases and storage of structured data

Processed genotyping information together with genotype
interpretation results was stored in both .txt and Microsoft Ex-
cel (.xlsx) file formats for further analysis and integration into
the genetic passport system. The interpretation database con-
tained the selected SNPs, genotype-specific interpretations,
and predefined reporting scores.

Generation of the final genetic passport

Generation of the final athlete genetic passport was auto-
mated using R and Python scripts. The R based scripts col-
lected and organized genotype-specific information for each
participant, whereas the Python scripts automatically assem-
bled the final report in Microsoft Word format.

For each participant, the program retrieved the observed
genotypes for the selected SNPs and matched them with the
corresponding genotype-specific interpretations and pre-
defined reporting scores stored in the interpretation database.
The resulting information was organized according to the four
reporting categories and transferred to the final standardized
document.

RESULTS AND DISCUSSION

Structure of the genetic passport and formation of the in-
terpretation database

Interpretations of individual genotypes were based on pre-
vious project studies, relevant scientific publications [2, 4,
7, 8, 10], and information obtained from public genomic re-
sources, including the GWAS Catalog, dbSNP, ClinVar, En-
sembl, and the 1000 Genomes Project. According to the final
report of the research project “Development of an integrated
system for training highly qualified athletes and promising
Olympic reserves in sports prioritized in Kazakhstan based on
physiological and genetic assessment” (BR18574139-OT-23),
an athlete genetic passport comprising a panel of 97 SNPs as-
sociated with 75 candidate genes was developed [13]. The se-
lected SNPs were associated with physical performance, phys-
iological adaptation, metabolism and nutrition, susceptibility
to sports-related injuries and pathological conditions, and psy-
chogenetic characteristics. The 97 SNPs were organized into
four major reporting categories:

Physical performance traits, represented by 44 SNPs as-
sociated with strength, power, speed, endurance, muscle-fi-
ber characteristics, and other traits relevant to physical per-
formance;

Predisposition to sports-related injuries and pathological
conditions, represented by 34 SNPs associated with injury
susceptibility, tissue-repair processes, and adverse responses
to intensive physical activity;

Metabolic and nutritional characteristics, represented by
38 SNPs associated with energy metabolism, micronutrient
utilization, body-composition regulation, and nutritional char-
acteristics;

Psychogenetic characteristics, represented by 30 SNPs as-
sociated with behavioral, cognitive, and psychological traits,
including stress response, motivation, decision-making, and
risk-taking behavior.
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Figure 1. Image of interpretation database sourse Excel file

Individual SNPs could be included in more than one trait
or reporting category. Therefore, the category-specific SNP
counts were not mutually exclusive, and their sum exceeded
the total number of 97 unique markers.

Based on functional annotations and previously reported
genotype—phenotype associations, genotype-specific interpre-
tations were developed for inclusion in the athlete genetic
passport. These interpretations were designed to present ge-
netic information in a standardized format suitable for quali-
fied sports physicians, coaches, and athletes.

All evaluated characteristic were included in specially
created an interpretation database using Microsoft Excel for-
mat. The database consists from 4 worksheets according 4
structured major categories of trait sets: physical performance
traits; predisposition to sports-related injuries and pathologi-
cal conditions; metabolic and nutritional characteristics; psy-
chogenetic characteristics. The Figure 1 represents the struc-
ture of interpretation database. Within each worksheet, data
are organized on a trait-specific basis, where each athletic
characteristic is described independently. A separate sheet pro-
vides the trait designation, a curated panel of SNP markers
linked to the trait, corresponding genotype profiles, functional
interpretation of observed genotype variants, descriptions of
expected phenotypic outcomes, and a numerical assessment
on a 10-point scale.

Athletic characteristics may involve analysis of a single
gene or multiple genes together with corresponding SNP poly-
morphisms [7, 8]. In cases where the athletic characteristics in-
cludes multiple polymorphisms across several genes SNPs,
the final interpretation of trait expressivity was also predicted.

To facilitate interpretation of genotype result by athletes,

we applied the scoring system supported by images for vi-
sual explanation. A standardized 10-point scale was applied
separately to each evaluated characteristic (see Materials and
Methods part). It has been supposed that the maximum score
of 10 points represents the highest interpreted expression of
the corresponding phenotype or low risk of sport-related dis-
ease development. Five points corresponds to an average or
normative level of the characteristic expression. Taking into ac-
count the number of related genes (SNPs) and their impact to
trait expressivity, the final maximum score of each physical or
biochemical characteristics should be summarized as 10 max-
imum points.

As an example, the muscle-strength characteristic was
evaluated using rs2854464 in or near ACVRIB and 1s9939609
in FTO. Each marker had a maximum predefined contribu-
tion of 5 points, resulting in a maximum combined score of
10 points.

For ACVRIB rs2854464, the corresponding genotype
groups were assigned predefined values of 5 or 0 points ac-
cording to their interpreted relative contribution to the mus-
cle-strength characteristic. For FTO rs9939609, genotypes
AA, AT, and TT were assigned 5, 3, and 1 points, respectively.

Muscle fiber type expressivity depends on function of
4 genes — PPARGCIA (1s8192678), PPARG (rs 1801282),
PPARA (rs 4253778), TTN (rs 10497520). PPARGCIA en-
codes transcriptional coactivator that regulates the genes in-
volved in energy metabolism. The protein encoded by PPARG
gene is a ligand-activated nuclear receptor and master regula-
tor of adipogenesis that drives transcriptional programs for ad-
ipocyte differentiation, lipid storage, and glucose homeostasis.
PPARA encodes peroxisome proliferator-activated receptor al-
pha, that links lipid sensing to gene regulation. It functions as
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Figure 2. Database of athletic characteristic interpretations with scoring assessment

a transcriptional regulator in the nucleus, where it heterodi-
merizes with RXRA to control metabolic programs. This re-
ceptor is central to fasting-associated adaptation and coordi-
nates pathways involved in fatty acid oxidation, ketogenesis,
and peroxisomal beta-oxidation. 77N encodes titin, which is
the largest known protein in the human body and acts as a gi-
ant molecular spring in heart and skeletal muscles. The genes
PPARGCIA, PPARG, PPARA, and TTN play critical roles in
defining skeletal muscle fiber types, driving the shift between
oxidative (Type I, slow-twitch) and glycolytic (Type II, fast-
twitch) profiles [9, 16]. The molecular mechanisms underly-
ing the impact of muscle fiber types were explained in animals
[17]. The score for each gene impact was estimated taking
into account the function of responsible genes and concrete
SNP association with trait expressivity (figure 2).

Organizing information in this manner enables automatic
generation of generalized descriptions for genotype combi-
nations and assessment of cumulative genetic influence on
a given trait. To optimize database construction, only geno-
type combinations identified in existing genome-wide SNP
microarray datasets (1,415 genotyping profiles) were included
rather than generating all theoretically possible combinations.
As additional genomic data become available, the database
is automatically expanded independently for each evaluated

characteristic.
Pretreatment of Genotyping Data

Individual genome-wide SNP microarray genotyping data
was obtained using Illumina iScan platform and Infinium
Global Screening Array Kit (654,027 SNPs) as described in
Material and Methods section.

For quality control raw data were treated by Genome-
Studio v.2010.3, and then exported and reformatted into
PLINK-compatible files (.map and .ped). Subsequently, us-
ing PLINK v1.9, genotype information across 654,027 SNP
loci per individual is parsed and saved into separate text-based
datasets (Figure 3). Each record represents a single SNP and
includes its rs identifier, chromosomal location, genomic co-
ordinate, and corresponding genotype.

For the construction of the athlete genetic passport, only
a predefined subset of 97 SNPs is required. Direct processing
of full-scale datasets exceeding 600,000 entries per individ-
ual is therefore computationally inefficient, especially consid-
ering that a single PLINK dataset may include 24 to 96 sam-
ples simultaneously. To address this limitation, a dedicated
preprocessing script is applied to extract only the target SNP
panel, generating reduced files for each individual containing
the selected 97 markers. This step significantly reduces com-
putational load and accelerates downstream analytical proce-

Figure 3. Example of a text file fragment containing SNP
genotyping records
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dures, including database integration and passport assembly.

To enable efficient storage and rapid retrieval of genotype
information, the filtered data are further organized into a struc-
tured Excel-based matrix. In this format, rows correspond to
rsIDs of the selected 97 SNP markers, while columns rep-
resent individual participants. Each cell stores the genotype
value for a given SNP—individual pair. This tabular represen-
tation eliminates the need for repeated parsing of raw text files
and facilitates fast access to genotype information.

The resulting matrix forms the core dataset for automated
construction of SNP combination profiles and represents the
initial stage of the athlete genetic passport pipeline. When
new PLINK datasets are introduced, the matrix is dynami-
cally extended by appending additional columns correspond-
ing to newly genotyped individuals.

Extraction of SNP genotyping data

The initial stage of the workflow involves automated
extraction of SNP text files from PLINK datasets. Because
PLINK v1.9 operates through the command-line interface and
is designed for simultaneous processing of large datasets, the
Linux implementation was selected as the most effective en-
vironment. To automate extraction procedures, a Python script
named autoplink.py was developed. The script uses the os
module [15] and the Path class from the pathlib library [18],
which are particularly suitable for Linux-based file system
operations and command-line execution. The os module al-
lows direct execution of terminal commands from program
code, including folder creation (mkdir) and automated execu-
tion of PLINK commands. The Path module is used to define
and manage paths to source data files, particularly .ped files.
The workflow consists of cyclic and non-cyclic components,
with the cyclic component representing the central functional
element of the script. During processing, copies of the orig-
inal files are generated for each operation, ensuring preser-
vation of the source data and eliminating the possibility of
accidental information loss. The non-cyclic component pre-
pares source datasets for downstream analysis. PLINK com-
mands -update-map and -update-name are applied to correctly
assign rsIDs to SNP markers according to the auxiliary Il-
lumina annotation file (GSA-24v3-0_A1 bl51 rsids.txt; In-
finium Global Screening Array v3.0 (Illumina, USA) Loci
Name to rsID Conversion File). After rsID correction, dupli-
cate entries are identified and removed. Repeated rows are
detected using the Linux command cut, whereas duplicate
SNPs are excluded using the PLINK option -exclude. Fol-
lowing these procedures, extraction of sample-specific infor-
mation becomes possible. The cyclic component performs
automated extraction of genotype data for each sample indi-
vidually. During execution, PLINK generates a .fam file con-
taining identifiers of all samples present in the source dataset.

The program reads this file, stores the list of samples (typi-
cally 24-96 individuals), and sequentially extracts genotype
information for each sample from the PLINK dataset. Ex-
tracted data are converted into a one-row-per-SNP format us-
ing the --recode 23 options. The program then creates a ded-
icated folder for the sample and transfers both the final SNP
file and all intermediate files generated during processing into
that directory. As a result, all information related to a given
participant is organized within a separate folder for simplified
retrieval and storage.

Prior to development of the automated workflow, all pro-
cedures were performed manually. Updating rsIDs, removing
duplicate entries, opening .fam files, copying sample identifi-
ers, creating auxiliary text files, saving identifiers, and enter-
ing complex command-line instructions required substantial
manual effort for each sample. Processing of a single sample
previously required approximately 5—20 minutes, while one
PLINK dataset could contain up to 96 individuals. The auto-
mated cyclic component now performs these procedures for
all samples simultaneously. In addition to reducing process-
ing time, the script minimizes errors associated with manual
command entry, prevents data loss, and removes the need for
repetitive re-entry of commands. Separate folders containing
only SNP text files are also generated automatically for conve-
nience, and filenames are assigned according to sample iden-
tifiers. Consequently, the developed script effectively elimi-
nates the human factor from the extraction process, reducing
the probability of errors to nearly zero and decreasing process-
ing time for all samples within a PLINK dataset from several
hours to approximately 1-2 minutes.

Selection of 97 SNP markers for the athlete genetic pass-
port

Subsequent stages of data processing were implemented
in R, using RStudio as the development environment. After
launching the program, the user selects a folder containing
previously extracted SNP text files derived from PLINK data-
sets. The program automatically detects the relevant files and
initiates extraction of the target SNPs.

Initially, the software reads a predefined list of 97 target
SNPs. It then extracts these SNPs from each participant-spe-
cific text file and generates a reduced file with the suffix
“modified”. This procedure is repeated automatically for ev-
ery sample included in the genotyping batch. The correspond-
ing R code is presented in Figure 4.

As a result of filtering, the participant-specific files were
reduced from approximately 16 MB to approximately 3 KB
and contained only the genotype information required for
passport generation. This reduction decreased the volume of
data processed during subsequent stages, from approximately
654,027 SNP records to 97 target SNPs per participant.

Figure 4. R program workflow for extraction of target SNP markers
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Figure 5. R script used for automated updating of the common genotype table

Updating the genetic variant table

Following formatting of SNP text files, genotype informa-
tion is incorporated into the common variant table. For this
purpose, the program reads the file together with the folder
containing newly generated filtered SNP datasets. Each pro-
cessed file is handled cyclically, allowing automatic addition
of genotype information into the shared table (Figure 5). The
syntax of the R programming language ensures that duplicate
entries are not introduced, thereby maintaining uniqueness of
all columns within the dataset.

Because row order in each text file exactly corresponds to
the row structure of the general table, assignment errors in-
volving mismatched SNP variants are effectively prevented.
Consequently, the common genotype table is updated within
less than one second using only new and unique information
while preserving integrity of both rows and columns.

Removal of mirrored genotypes from the table

Certain SNPs may contain mirrored genotype representa-
tions such as GA/AG or TC/CT. Although biologically equiv-
alent, these variants are interpreted by software as distinct val-
ues. To ensure accurate interpretation, the program identifies
mirrored genotypes for selected rsIDs and converts them into
standardized representations.

The corresponding code (Figure 6) evaluates rows associ-
ated with predefined rsIDs and reverses genotype order when
necessary. For example, GA is converted to AG, TC to CT,
and GT to TG. Because such inconsistencies occur only for a

Figure 6. Program algorithm for standardization of mirrored
genotype variants

limited number of SNPs, checking the entire dataset was con-
sidered computationally inefficient. Instead, only predefined
loci known to contain mirrored variants are evaluated.

Configuration files

As noted previously, the software relies on a collection of
external text-based configuration files that store fixed param-
eters required for correct workflow execution. Given the sub-
stantial number of such parameters, maintaining them sepa-
rately from the source code improves flexibility and simplifies
software maintenance. These configuration settings are loaded
during the initialization stage before the program accesses da-
tabases containing genotype combinations and trait interpre-
tation data (Figure 7).

The configuration files govern several key aspects of the
system, including the arrangement of traits within information
blocks, locations of databases and auxiliary resources, naming
conventions for generated passport documents, and the pro-
cessing order of evaluated athletic characteristics.

Identification of missing combinations of genetic variants
and generation of new generalized interpretations

After genotype information from newly analyzed samples
has been incorporated into the common variant table, the pro-
gram evaluates whether previously unrecorded genotype com-
binations are present. This stage initiates assembly of the final
athlete genetic passport. To generate the final report, the algo-
rithm verifies whether predefined interpretations are available
in the database for every genotype combination associated
with each evaluated trait in all analyzed samples. Initially,
the program defines general parameters including sample lists
and the identifier of the current genotyping batch. These vari-
ables determine sample names and folder structures through-
out the remaining stages of passport generation. The updated
common genotype table is then loaded, and a dedicated direc-
tory corresponding to the genotyping batch is created for stor-
age of the resulting documents. Following initialization, the
software executes a multilevel algorithm organized through
nested iteration structures that enable concurrent evaluation of
multiple conditions. At the highest level, the main loop iter-
ates over four distinct information databases in sequence. For
each selected database, the system retrieves the corresponding
trait set along with their predefined ordering as stored within

Figure 7. Software module responsible for loading configuration settings
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the respective information block. Additional nested loops then
perform trait-specific evaluation. During each iteration, the al-
gorithm processes one worksheet corresponding to a specific
athletic characteristic. Only SNP markers relevant to the eval-
uated trait are selected, and genotype information from the
common table is filtered according to both the selected SNPs
and the list of samples. As a result, only genotype combina-
tions corresponding to the required polymorphisms remain
available for interpretation generation.

The resulting genotype combinations for all individuals
within the analyzed batch are stored temporarily and com-
pared with combinations already present in the database
(source .xIsx file with genotype Interpretation data). If no dis-
crepancies are detected, all combinations are considered pre-
viously characterized. Newly identified genotype combina-
tions absent from the existing database are saved in a separate
document intended for subsequent interpretation generation.
Through repeated nested- loop analysis across all samples,
traits, and databases, the program ultimately produces a com-
plete list of previously unrecorded genotype combinations.
When novel combinations are detected, the software automat-
ically generates a temporary Excel database containing sep-
arate worksheets for each evaluated trait. This intermediate
database retains the same structural organization as the main
databases but includes only unique combinations absent from
the original datasets. Such an approach minimizes unneces-
sary analysis and limits processing exclusively to traits requir-
ing new interpretations.

Similarly to the primary databases, the temporary database
contains genotype-specific associations for each marker and
three possible diploid genotypes within dedicated worksheets
corresponding to individual traits. Information is therefore
retrieved directly from the relevant sheets without requiring
separate storage of all trait-related data. The algorithm writes
interpretation descriptions for individual variants into adja-
cent empty fields corresponding to each genotype combina-
tion, thereby generating an integrated generalized interpreta-
tion based on cumulative effects of all variants.

Figure 8. Automatic verification of genotype combinations and
generation of integrated interpretations

Individual SNP scores are also summed automatically
(maximum score = 10) and stored within the database. An
example of automatic generation of combined interpretations
based on multiple SNP variants is presented in (Figure 8). For
the two unique genotype combinations identified in the tem-
porary database, generalized interpretations and cumulative
scores were generated automatically using information asso-
ciated with individual SNP variants.

Generation of the athlete genetic passport

The final stage of the workflow involves automatic gener-
ation of four Excel files containing trait interpretations for ev-
ery analyzed participant. Separate files are produced for each
information category, while individual worksheets correspond
to specific participants.

The program (Figure 9) sequentially evaluates genotype
combinations for every participant across all traits and data-
bases and compares them with interpretations stored in the
reference tables.

As a result, a complete set of Excel files containing in-
dividualized interpretations is generated automatically. For
each participant, the assembled information includes eval-
uated traits, interpretation of genotype data, corresponding
scores, SNP identifiers, and detected genotype variants.

After generation of the structured Excel tables, the result-
ing files are used as input for creation of the final Microsoft
Word document. A Python-based program integrates all col-
lected information into a unified document with a structured
and user-friendly format (Figure 10)

CONCLUSIONS

The developed workflow integrates target-SNP extraction,
genotype-matrix updating, genotype standardization, database
matching, and generation of participant-specific reports. The
complete sequence of automated data-processing stages is
summarized in Figure 11.

Figure 9. Program workflow for assembly of athlete genetic
passport information tables
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Figure 10. Example layout of interpreted information in the final document

Figure 11. Complete automated workflow

As a result of this study, a software framework and several
supporting scripts were developed using the RStudio environ-
ment and the Python programming language. The developed
tools efficiently perform primary and secondary bioinformatic
processing of genome-wide SNP genotyping data for genera-
tion of the athlete genetic passport. Databases containing rel-
evant genetic information are created and updated automati-
cally. Sorting and bioinformatic processing of genome-wide
SNP genotyping data became substantially more time effi-
cient. Reducing human involvement in repetitive processes
of collecting and comparing tables minimized the probabil-
ity of errors, while workflows associated with SNP genotyp-
ing data processing became significantly more automated and
simplified.

Automation of information extraction from genotyping
files, database updates, and assembly of final genetic passport
considerably reduced data processing time. Complete genetic
passport for an entire genotyping batch containing 24 to 96
samples can now be generated within 20 to 30 minutes. Pre-
viously, this process required from several days to one month.
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AHHOTALIUS

Ha ocHOBaHNY aHanm3a MEXITyHAPOIHOTO OTIBITA U PE3yIBTATOB COOCTBEHHBIX UCCIICIOBAHUH, MOCBAIMEHHBIX H3YUCHHIO
CBSI3M MEX]y CIIOPTHBHBIMHU XapaKTEPUCTHKAMH YEJIOBEKa M €ro TeHeTHIeCKUMHU ocobeHHOoCcTaMH 110 97 SNP-mapkepawm,
OTHOCAIIUMCA K 75 reHaM-KaHauOaTam, OblIa cOpMUpPOBaHA CUCTEMa HHTEPIPETAINH T€HOTHIIOB IS TEHETHIECKOTO
rmacropra crioprcMena. [ aBroMaTr3anny 00paboTKH JaHHBIX pa3padoTaH MPOrPaMMHEIA KOMILIEKC, BKITIOUAIOMINN HaOop
CKpHUITOB Ha si3bIkax Python u R, peanmzosannbix B cpene RStudio. CozmaHHbIC HHCTPYMEHTHI 00€CIICUMBAIOT aBTOMATHUCCKOE
(hopMHEpOBaHKE U aKTyaIH3alnio 0a3 JaHHBIX TCHETUICCKOW HH()OPMAIIHY, YTO TIO3BOIIACT CYIICCTBEHHO COKPATUTh BpEeMs
MTOJITOTOBKU T€HETUYECKOTO IACIopTa 1 MUHIMH3HPOBATH BEPOSTHOCTH OMIHOOK MpH 00padoTke NaHHBIX. Vcnonp3oBaHue
pa3paboTaHHBIX MPOTPAMMHBIX PEIICHUH 3HAYUTEIBFHO MOBHICHIIO 2P (HEKTHBHOCTh XpaHEHHUsI, CTPYKTYPUPOBAHUS U
aHaIIM3a Pe3yabTaTOB MIMPOKOTeHOMHOE SNP-MHKpOYHTIOBOE TEHOTHITUPOBAHUE. ABTOMATH3ANNS PYTUHHBIX OMEpaInii 1Mo
COTIOCTABJICHHUIO ¥ 00paboTKe OONBIINX MacCCHBOB JAaHHBIX ITO3BOJNHIIA MPAKTHYECKH HUCKITIOUUTH BIUSHAC YEIOBEYCCKOTO
(haxTOpa M ympocTUTh paboTy ¢ TeHOTHIIMYECKOW nHpopMmalueld. BHenpeHrne aBTOMaTH3NPOBAHHBIX aJITOPUTMOB IS
MIepBUYHON W BTOPHUYHOH 00paboTku SNP-maHHBIX, HHTEpIIpETAIlNN TCHOTHIIOB, OOHOBJICHHS WH()POPMAIIMOHHEIX 0a3 1
(hopMIpOBaHNUS UTOTOBBIX TCHETHYECKUX ITACIIOPTOB COKPATHIIO POJODKUTEIFHOCTE TOJTHOTO MUKIIA 00paOOTKH TaHHBIX C
HECKOJIbKUX MecsLleB 10 20-30 MUHYT.

KamoueBble ca0Ba: COOPTHBHAA T€HETHKA, TeHETHYECKUH macmopTt, mupokoreHoMHoe SNP-mukpounmosoe
TEHOTHITUPOBAHKE, OHOHYKICOTHUIHBII MOTUMOP(H3M, IPOTPAMMHBIN KO/,
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AHHOTAIIUA

Onemaik Taxipude MeH 97 SNP-nmonmumop¢usm (75 Herisri reH) OOMBIHIIA CHOPTTHIK MYMKIHAIKTEP MEH YKE€Ke T€HOTHII
apachIHJarkl ©3apa O0alIaHBICTHI aHBIKTAyFa apHaJIFaH KeKe 3epTTeyepAl Talay HeTi3iHJe CIOPTIIBIHBIH T'eHETHKAIBIK
MAaCTOPTHI YILIiH TeHOTHIITEPAIH BIKTHMAaJl HYCKaJIapbIHBIH HHTEpIIpeTanusuiaps! a3ipneni. RStudio a3ipney opracst meH Python
Oarmapiamarnay TiIi Heri3iHae Oaraapiiama skoHe OipHeIlIe KOChIMIa CKPUITTE *kacaiabl. KypacTelpbuiran Oaraapiiamanap
Ka)XETTI TeHEeTHKAJBIK aKIapaTieH JAepekTep 0a3zajgapblH THIMJI TYpAE KYpyFa *KoHE jKaHapTyFa MYMKIHAIK Oepeni, Oy
TeHETUKaJIBIK NacIOPTTHI 93ipiieyre KETETiH yaKbITThl KbICKAPTHIN, KaTeNIK KaymiH azaiTaabl. Ocel OarmapiamManapiblH
KOMETIMEH TOJIBIKI€HOM/IbI MUKPOYHITIK TeHOTHITEY/IH 0acTanKpl IEPEKTEPiH CaKTay, CYphINTay )KOHE OHJIEY YaKbIT KaFbIHAH
anzaekaiaa tTuimai 6omnael. Kecrenepai skuHay jkoHe CalbICTBIPYIBIH OipcapbIHbI yepiciHaeri ajaMu (akTopAbIH TOMEHAeY1
KaTeiK KayIliH ic )Y3iH/e Heire JeiiH a3aiThll, TeHOTHUIITEY JAePEKTePIMEH )KYMBIC iCTey YlepiCiH KeHuaeTTi. [eHOMabIK
ayKpIMarbl SNP-MUKpOUHIT epeKTepiH 0aCTaIlKbl JKoHE eKiHIII PeTTiK OHJIey, TeHOTHIITEpAl HHTEPIIpeTalnsIay, IepeKTep
0azayapbIH XKaHAPTY JKOHE AalblH TeHETHKAJIBIK ITacIOpTTap/bl )KUHAKTAY MPOIECTEPiH aBTOMATTaHIBIPY JIEPEKTEPl OHJIeY
yakKbIThIH OipHele aiiiad 20-30 MUHYTKa JIeiiH KbICKAPTTHI.

KinT ce3nep: criopt reHeTHKACHI, CIIOPTTHIK TeHETHKA, TEHETHKAJIBIK MAclopT, FTeHOMIIBIK ayKbIMaarbl SNP-mukpoun, Oip
HYKJICOTHATI ITOMTUMOPGhH3M, OaraapiaMabiK KO
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