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Abstract
Background  One of the most challenging factors for clinicians in managing COVID-19 has been differences in the 
clinical course. To investigate the parameters associated with severe disease in detail, along with examining known 
risk factors such as advanced age and comorbidities, understanding personal genetic factors is necessary, as the 
clinical course may change due to differences in the host genome.

Methods  Human genetic variants reported to be associated with severe disease were genotyped in 68 patients in 
COVID-19 medical wards and 52 in COVID-19 intensive care units at Hacettepe University Adult Hospital.

Results  The rs17860115 variant was significantly more prevalent in our cohort than in the European (non-Finish) 
population, whereas the rs2298659, rs2298661, rs4290734, and rs9271609 variants were significantly less common, 
which may reflect genetic differentiation, selective pressures, or protective factors within this population. While no 
significant association was found between variants and disease severity, notably, the ACE2 rs1548474 allele frequency 
was 38.0% in the ICU group and 22.9% in the non-ICU group (OR = 2.06; 95% CI 1.10–3.90; p = 0.02).

Conclusion  These findings emphasize the importance of examining genetic differences both within and across 
populations when developing new strategies for disease control and public health policies, particularly for infectious 
diseases such as COVID-19. They also point to the necessity for further research involving larger and more varied 
populations to validate these associations and to investigate the genetic factors that may drive them.
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Background
Coronavirus disease 2019 (COVID-19), caused by severe 
acute respiratory syndrome coronavirus 2 (SARS-CoV-2), 
emerged in 2019, rapidly spreading worldwide and lead-
ing to a pandemic. The virus primarily affects the upper 
and lower respiratory tract, and patients present with 
respiratory symptoms ranging from mild to severe dis-
ease [1]. In addition to being a respiratory tract infection, 
COVID-19 is also considered a systemic disease due to 
lymphocytic endothelitis and widespread micro- and 
macrovascular involvement [2]. During the pandemic, we 
have observed how advancements in molecular biology 
and biotechnology, particularly next-generation sequenc-
ing, significantly influence genetics and virology [3, 4]. As 
the virus evolves, identifying emerging viral variants has 
become important, as some may spread more rapidly or 
cause changes in disease severity.

Single nucleotide variations (SNVs) in the human 
genome contribute to genetic diversity and can affect 
gene function. They are pivotal in understanding genetic 
disorders, drug responses, and disease susceptibility. 
The variability in COVID-19 symptoms, even among 
those living in the same household, highlights the com-
plex interplay between host genetic makeup and disease 
outcomes. During the pandemic, several studies have 
focused on host genome sequencing to reveal SNVs asso-
ciated with the susceptibility to and severity of COVID-
19. This has led to the need to identify genetic markers 
that can predict an individual’s susceptibility to infection 
with SARS-CoV-2 or even severe disease [5–7].

Large consortia, such as the severe COVID-19 
Genome-Wide Association Study (GWAS) group, the 
GenOMICC and ISARIC groups, and the COVID-19 
Host Genetics Initiative, have conducted GWAS stud-
ies on an unprecedented scale, with international data 
sharing to investigate the associations of host genetic 
variants with SARS-CoV-2 infection [2, 8]. The larg-
est GWAS from the COVID-19 Host Genetics Initiative 
utilized genomic data from multiple clinical trials, exist-
ing biobank and cohort studies, and data from consumer 
genetic companies to investigate genetic loci associated 
with disease susceptibility or severity [9]. Their primary 
analysis included over 2.5  million population controls 
and over 50,000 COVID-19 patients categorized by dis-
ease severity and hospital setting; several genetic loci 
were associated with disease susceptibility or severity. 
The first signals reported to be associated with severe 
disease included genetic loci on chromosomes 3p21.31 
and 9q34.2 [2, 10]. The 3p21.31 cluster is the most 
robustly transcribed signal in many studies, is associated 
with a twofold increased risk of respiratory failure from 
COVID-19, and is suggested to be inherited from Nean-
derthals [9, 11]. With increasing sample sizes, various 
other genetic loci have gained genome-wide significance 

[8, 12, 13]. Many of these loci contain genes close to SNPs 
encoding proteins that regulate antiviral or proinflamma-
tory host responses. For example, rs2298661, identified 
near the TMPRSS2 and MX1 genes, has been linked to 
severe outcomes [13]. Variants in ACE2 and other genes 
have also been associated with disease progression [14, 
15].

In this study, through a data-driven approach, we com-
pile COVID-19-associated SNVs published during the 
COVID-19 pandemic to provide deeper insights into the 
genetic factors contributing to COVID-19 outcomes. The 
selected SNV profiles are genotyped by targeted multi-
plex sequencing to assess the differences in the genotypes 
of hospitalized COVID-19 patients in medical wards and 
intensive care units (ICUs) to explore the variants associ-
ated with susceptibility and severity [16–19].

We hope that this study will enhance our understand-
ing of genetic factors in the Turkish population and con-
tribute to the broader scientific community, informing 
future genomic research, personalized medicine, and 
public health strategies against pandemic threats.

Methods
Patient data
This prospective cohort study was conducted at 
Hacettepe University Adult Hospital in Ankara, Turkey, 
between December 22, 2020, and May 5, 2021. After 
approval from the Institutional Ethics Committee with 
the number GO 2021/02–22, patients aged 18 years and 
older with a positive COVID-19 PCR test and who pro-
vided written informed consent were included in the 
study.

The current study cohort is a subset of participants 
originally recruited for our previous research in which 
we used sparse canonical correlation analysis and col-
laborative learning to identify and quantify associations 
between different data modalities, including viral genome 
sequencing, imaging, clinical data, and laboratory results 
[20]. DNA was collected from 120 COVID-19 patients 
hospitalized in medical wards and ICUs (Fig.  1). Sixty-
eight patients were followed up in COVID-19 medical 
wards (non-ICU group), and 52 patients were followed 
up in COVID-19 intensive care units (ICU group). The 
ICU admission criteria were as follows: respiratory dis-
tress, tachypnea, increased oxygen demand, hypoxemia, 
symptoms related to sepsis, and acute organ dysfunction. 
Saliva samples were obtained via NORGEN BIOTEK 
CORP Saliva DNA kits, a noninvasive and user-friendly 
method frequently used in genotyping studies [21–23]. 
Patients provide saliva by spitting directly into sterile 
collection tubes containing a preservative solution, and 
for intubated patients, suction methods are employed 
to collect respiratory fluids. The samples were promptly 
sent to the laboratory for processing or stored at the 



Page 3 of 12Er et al. BMC Medical Genomics           (2026) 19:26 

recommended temperature. DNA isolation was per-
formed via a standardized protocol adapted for saliva 
samples [24]. All isolation procedures were conducted in 
a Class II biosafety cabinet in laboratories because of the 
airborne nature of SARS-CoV-2. After DNA isolation, 
the DNA products were controlled for the requirements 
of the DNA material by nanodrop measurements.

Selected variants
The present study is grounded in a comprehensive litera-
ture search to identify SNVs associated with COVID-19 
susceptibility and severity. This search was methodically 
structured to cover a broad spectrum of peer-reviewed 
research to identify key genetic markers that provide 
valuable insights into the genetic determinants influenc-
ing COVID-19 outcomes.

However, owing to the unprecedented number of 
COVID-19-related publications in which many were 
not peer reviewed and the time constraints imposed 
during the COVID-19 pandemic, it was not feasible to 
conduct a fully exhaustive review of the literature. There-
fore, we relied on a substantial body of high-quality, 

credible sources to build a short list of SNVs to be gen-
otyped in patients (Table  1. Prominent studies, such as 
those investigating TMPRSS2 variants (e.g., rs2298661 
and rs2298659), have elucidated their potential role in 
modulating disease severity. Additionally, other signifi-
cant genetic loci (e.g., rs1123573 and rs8178521) associ-
ated with critical COVID-19 outcomes and long-term 
COVID-19 symptoms have been identified, further con-
tributing to the genetic variability underlying suscepti-
bility and disease progression. Linkage disequilibrium 
between SNVs on the same chromosome was assessed 
via LDlink’s LDmatrix tool [25].

Genotyping
The primers were designed via PyroMark Q24 software 
to amplify regions of interest, as listed in Table 2 [29, 30]. 
PCR amplification was conducted for each patient and 
each target region, totaling 1800 reactions with conven-
tional PCR methods. The PCR amplification process was 
controlled and confirmed via gel electrophoresis. PCR 
products from individual patients were pooled for tar-
geted multiplex sequencing. Sequencing was performed 

Fig. 1  Overview of the study workflow
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via Illumina multiplex sequencing protocols [31]. The 
sequencing data were stored in FASTQ format for down-
stream analysis.

Variant calling was conducted via standard bioinfor-
matics workflows [32, 33]: Quality assessment and trim-
ming of the raw sequencing reads were performed using 
Cutadapt version 2.6. The trimmed reads were then 
aligned to the human reference genome (hg38) using 
BWA version 0.7.17. The resulting SAM files were con-
verted into sorted BAM files using SAMtools version 
1.19. Variant calling was conducted with FreeBayes to 
generate VCF files. Variants with read depths less than 
10 were filtered out to ensure data quality. Finally, vari-
ant information was extracted using Python and the pan-
das library, and the processed results were saved in CSV 
format. Individual observations of each allele were subse-
quently aggregated to ascertain the total allele frequency 
for the cohort for each SNV. Moreover, to provide further 
insight into the data, the numbers of heterozygous and 
homozygous patients were also recorded.

Allele frequencies were calculated for each SNV, con-
sidering only regions with sufficient read depth. The 
minor allele frequencies (MAFs) were determined as 
follows:

	
MAF = Number of minor alleles

Total number of alleles

Population studies
The genetic makeup of the modern Turkish population 
exhibits notable similarities with, particularly those in the 
Mediterranean region, as evidenced by clustering with 
Iberians from Spain and Tuscans from Italy. This cluster-
ing suggests a shared genetic heritage, further supported 

Table 1  List of polymorphic positions genotyped
Polymorphism Gene Location (hg38) Allele Population Frequency* References
rs11088551 TMPRSS2 chr21:41508389 A > G 0,42  [26]

rs1123573 BCL11A chr2:60480453 A > G 0,38  [7]

rs12610495 DPP9 chr19:4717660 A > G 0,28  [7]

rs1548474 ACE2 chrX:15,621,438 T > G 0,28  [15]

rs17574 DPP4 chr2:162073469 A > G 0,34  [27]

rs17860115 IFNAR2 chr21:33230000 C > A 0,32  [7]

rs2298659 TMPRSS2 chr21:41473447 G > A 0,23  [28]

rs2298661 TMPRSS2 chr21:41473715 C > A 0,16  [13]

rs35899679 TMPRSS2 chr21:41491393 C > A 0,34  [28]

rs4290734 TMPRSS2 chr21:41481156 A > G 0,41  [28]

rs4303794 TMPRSS2 chr21:41508379 A > C 0,42  [26]

rs463727 TMPRSS2 chr21:41464259 T > A 0,45  [7]

rs61882275 ELF5 chr11:34482745 G > A 0,37  [7]

rs8178521 IL10RB chr21:33287378 C > T 0,26  [7]

rs9271609 HLA-DRB1 chr6:32623820 T > C 0,28  [7]
*Allele frequencies are based on European(non-Finnish) population data

Table 2  Forward (F) and reverse (R) primer pairs for amplifying 
variant regions
Variant Primer Pairs
rs11088551 F - GTTCCCTGCCTGGCTCAAC

R - GGCTCACCCAGGACTCCA

rs1123573 F-GATTCAAGCGCTGTGCAGT
R-CCTTCCAGCCAGGTCATTTAGAAT

rs12610495 F-ATTATCTTGCCTCTGATCACCACT
R-AATCCATCTCTGCAGCTGTGTA

rs1548474 F-AAAATCTGGATTTGTGGCAGAAG
R-ATCAGGCCAAATCACAGTAACAT

rs17574 F-CGCGGTCTCCCTCTTCTAAC
R-CACGGTGATGATGGTGACAAG

rs17860115 F-CACCCGCACTAAAGACGCTTC
R-GCTCGGGGAACTGTTCGG

rs2298659 F-CCCCTGGCATACTTTTCC
R-AACTCAAGCCGCCAGAGC

rs2298661 F-ACTGCTGGGGATGGACTTAGG
R-GAGTCCCCAGGGCCTTGTTA

rs35899679 F-TTTTTTGAGACAGGGTCTTGC
R-GCAGCCGAGTTATGAGAACATC

rs4290734 F-AAATGTTCACTGCAACCCTCTTA
R-TTGCAGCCTGTGTCTGAATTT

rs4303794 F-GCTGCGGAGGGACCCATA
R-CGCCTACAGGAGCTCGTGA

rs463727 F-TGGGTCTTTCCTGTGCTGTTTTT
R-GGTCCCTCAAATGACTCCTTCTTA

rs61882275 F-CACCCCACCCTGATGAGAATAA
R-CGTCTTGCTTTCTACCCTTCATA

rs8178521 F-GGCAGCCTTGGGTTTTTCC
R-CGAGGCTGTGATAGTGAGCTATGA

rs9271609 F-TTTTCATCACCTCCAAAGGAGACC
R-GGGCCTAAGCTCCTTCTGCATA
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by the similar frequency distributions of GWAS SNPs 
between Turkish and southern European populations, 
which indicate a greater proportion of ancestry sharing. 
This study assumes that the population of Turkey shares 
a genetic predisposition similar to that of the European 
(non-Finnish) population under normal conditions [34, 
35].

Statistical analysis
Statistical comparisons between the study cohort and 
the European (non-Finnish) population for host variants 
were performed via z tests. To account for multiple com-
parisons, a Bonferroni correction was applied, adjusting 
the significance threshold to p < 0.0033. The power for 
all variant comparisons is calculated on the basis of the 
number of patient alleles genotyped as the sample size.

Additionally, we simulated our data with 100 alleles for 
1000 cohorts via the bootstrap approach [36]. After 1000 
cohorts were simulated with 100 alleles via the bootstrap 
algorithm, 95% confidence interval limits were deter-
mined. We suggest that the frequencies of these variants, 
which differ in 1000 simulated cohorts containing 100 
alleles, significantly differ between the study cohort and 
the population.

If the allele frequency seen in the European population 
was not within this confidence interval, it was defined as 
having a significant difference. The overall workflow of 
the bootstrapping algorithm was as follows:

1.	 Simulated allele frequencies were generated via 
NumPy on the basis of the observed frequencies.

2.	 Multiple cohorts (k) were created through 
resampling, and allele frequencies were recorded in 
each cohort.

3.	 The 95% and 99% confidence intervals were derived 
from the resampled data.

4.	 The observed allele frequencies in the European 
population were compared against these intervals to 
assess statistical significance.

Fisher’s chi-square test and odds ratios were used to 
assess and measure the association of the MAF between 
the ICU and non-ICU patient groups. Bonferroni correc-
tion was also applied to this analysis.

Pathway analysis
Significant SNVs were mapped to genes and analyzed for 
pathway enrichment via the KEGG database and func-
tional annotation via Gene Ontology (GO) enrichment 
[37].

Results
A total of 120 patients were included in the study. Fifty-
two patients (43.3%) were admitted to the ICU. The mean 
age was 59.0 ± 16.1 years, and 49 patients (40.9%) were 
female.

For host genome analyses, PCR was performed on 
DNA samples from 120 patients to amplify 15 regions of 
interest. Each PCR was designed to target specific SNVs 
associated with COVID-19 susceptibility. To ensure 
robust amplification, the PCR conditions were care-
fully optimized according to the steps mentioned in the 
methods. To ensure consistency when conducting mul-
tiple experiments simultaneously, we designed primers 
for different targets to run under similar PCR condi-
tions. In 29 patient samples, for rs1123573, rs9271609, 
and rs17860115, either there was not enough material 
for PCR experiments or correct PCR products were not 
observed. Therefore, these 29 PCRs were not included in 
the analyses of these SNVs. On average, each SNV was 
represented in 105.6 ± 23.5 patients, whereas 3 SNVs 
were genotyped in 119 patient samples (Fig. 2; Table 3).

Multiplex sequencing of the PCR-amplified target vari-
ant regions yielded predominantly satisfactory results, 
ensuring comprehensive coverage and accurate genotyp-
ing of SNVs in the patient cohort. The majority of the 
samples presented excellent read depths (up to 162334, 
with a mean read depth of 16522.5). In a few samples in 
which regions with read depths below the threshold of 
ten were identified, these low-quality reads were omitted 
from further analysis to maintain the integrity and accu-
racy of the dataset.

Overall, the sequencing process demonstrated robust 
performance, with the majority of target regions being 
accurately sequenced and analyzed. The quality control 
measures effectively mitigated the impact of sequenc-
ing errors, ensuring the reliability of the genetic insights 
derived from this study.

The patients were categorized on the basis of the pres-
ence of homozygous wild-type alleles, heterozygous 
alleles, and homozygous variant alleles, with their respec-
tive frequencies reported in Table 3.

Z tests were conducted to compare the variant allele 
frequencies between our cohort and the European (non-
Finnish) population. Z test analysis results for the com-
parisons of SNV and European (non-Finnish) allele 
frequencies are presented in Table 4. After multiple test-
ing corrections with the Bonferroni method, 5 SNVs 
demonstrated statistically significant differences in vari-
ant allele frequencies between our cohort and the Euro-
pean (non-Finnish) population. The rs17860115 variant 
allele was significantly more prevalent in COVID-19 
patients, suggesting a potential cohort-specific variant 
or association with specific traits or conditions preva-
lent in this group. The rs2298659, rs2298661, rs4290734, 
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and rs9271609 variants were significantly less common 
in our cohort, which may reflect genetic differentia-
tion, selective pressures, or protective factors within this 
population.

The remaining SNVs did not exhibit significant dif-
ferences in allele frequency after Bonferroni correction, 
suggesting that their MAF distribution is within a similar 
range between our cohort and the European (non-Finn-
ish) population. These SNVs may serve as genetic mark-
ers with similar prevalence across these populations. The 
statistical power for the significant SNVs ranged from 81 
to 100%, indicating a high probability of detecting true 

differences. However, some SNVs with higher p values 
had lower power, so they were classified as nonsignificant 
results.

Linkage results
The SNVs rs17860115, rs8178521, rs463727, rs2298659, 
rs2298661, rs4290734, rs35899679, rs4303794, and 
rs11088551 are located on chromosome 21. The heatmap 
for the linkage analysis was created as presented in Fig. 3. 
The linkage analysis for rs4303794 and rs1108855, with a 
score of 1, revealed that they were perfectly linked and 

Table 3  Patient allele frequencies for homozygous and heterozygous observations
Region Patient 

Count
Wild type 
patient 
count

Wild type
homozygous
patient 
frequency

Heterozy-
gous patient 
count

Hetero-
zygous
patient 
frequency

Homozygous 
variant patient 
count

Variant
homozygous
patient 
frequency

Variant
allele
fre-
quency

rs11088551 119 40 0.33 61 0.51 18 0.15 0.404167

rs1123573 96 41 0.42 44 0.45 11 0.11 0.340206

rs12610495 116 74 0.63 39 0.33 3 0.03 0.192308

rs1548474 109 67 0.61 19 0.17 23 0.21 0.295455

rs17574 113 56 0.49 49 0.43 8 0.07 0.285088

rs17860115 32 9 0.27 4 0.12 19 0.58 0.636364

rs2298659 117 85 0.72 30 0.25 2 0.02 0.144068

rs2298661 116 84 0.72 30 0.26 2 0.02 0.145299

rs35899679 115 46 0.40 50 0.43 19 0.16 0.37931

rs4290734 96 93 0.96 0 0.00 3 0.03 0.030928

rs4303794 119 40 0.33 61 0.51 18 0.15 0.404167

rs463727 116 42 0.36 48 0.41 26 0.22 0.42735

rs61882275 111 35 0.31 59 0.53 17 0.15 0.415179

rs8178521 119 59 0.49 49 0.41 11 0.09 0.295833

rs9271609 75 46 0.61 29 0.38 0 0.00 0.190789

Fig. 2  Patient counts per SNV
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were expected to have the same MAF, which was 0.40, 
supporting the genotyping results.

Bootstrap algorithm results
As mentioned, a bootstrap-based analysis was developed 
and applied with the existing variant frequency. With 
variant frequencies obtained from the frequency analy-
ses, 1000 cohorts of 100 alleles were created, and 95% 
confidence intervals of frequency means of cohorts were 
compared with European (non-Finnish) allele frequen-
cies. Table 5 shows that the European (non-Finnish) allele 
frequencies are within the limits of the 95% confidence 
intervals of the simulated data.

Comparison of ICU and non-ICU frequencies
The comparison of allele frequencies between the ICU 
and non-ICU groups is summarized in Table 6. No sta-
tistically significant difference was found between these 
groups according to the MAF values in post hoc analyses 
considering the Bonferroni correction.

Kyoto encyclopedia of genes and genomes pathway 
analysis
For the SNVs that presented significant differences in 
MAF between the European (non-Finnish) population 
and the study cohort, Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway analysis was conducted. The 
subnetwork revealed significant associations related 
to COVID-19 and other viral diseases (Fig.  4). Gene 

Ontology data revealed that HLA-DRB1 and TMPRSS2 
are involved in the biological processes regulating viral 
entry into host cells and positively regulating viral entry 
into host cells. Both genes also play roles in the posi-
tive regulation of the viral life cycle and positive regula-
tion by symbionts of entry into host cells. Additionally, 
HLA-DRB1 and ACE2 are implicated in the regulation 
of cytokine production, a critical response during viral 
infections.

Discussion
This study presents a detailed genetic analysis of SNVs 
and their associations with COVID-19 susceptibility and 
severity among patients at Hacettepe University Adult 
Hospital in Türkiye. Through a robust methodological 
approach encompassing sample collection, DNA isola-
tion, PCR, sequencing, and advanced statistical analyses, 
our findings reveal significant insights into the genetic 
predispositions that may influence COVID-19 outcomes 
within the Turkish population.

While a case‒control study design would be optimal, as 
the study was conducted during the pandemic, healthy 
individuals were not accessible due to COVID-19 precau-
tions. Therefore, a cohort‒population comparison study 
was conducted. The Turkish population frequencies from 
TÜSEB published in 2024 were only based on 100 whole-
genome sequencing data [38]. To overcome these limita-
tions, the European (non-Finnish) population was used to 
represent the reference MAF. When the frequencies were 
compared, significant MAF differences were observed 
for the rs17860115, rs2298659, rs2298661, rs4290734, 
and rs9271609 variants between the study cohort and 
the European (non-Finnish) populations. All five vari-
ants showed statistically significant differences according 
to the z test analysis, with powers ranging between 81% 
and 100%. The variant rs17860115 was more common in 
the COVID-19 patient cohort, indicating a possible asso-
ciation with an increased risk of COVID-19 infection. 
Conversely, the rs2298659, rs2298661, rs4290734, and 
rs9271609 variants were observed at significantly lower 
frequencies in the patient cohort compared to the NFE 
population MAF, suggesting a potential protective role 
against COVID-19 infection for those genotypes.

A bootstrapping approach was employed for the first 
time to validate the z test results and construct confi-
dence intervals, allowing us to evaluate the MAF dis-
tributions of the variants in the study cohort compared 
with the population frequencies. The bootstrap analysis 
confirmed the z test results that rs17860115, rs2298659, 
rs4290734, and rs9271609 were significantly differ-
ent from the population frequency. Only for rs2298661, 
which was the variant with the lowest power in the z test 
among the significant ones, bootstrap analysis was not 

Table 4  Frequency comparisons of the study cohort and the 
European (non-Finnish) population
SNV Allele 

count
Variant 
allele 
frequency

Euro-
pean (non-
Finnish) 
frequency

z test
p value

Power

rs11088551 238 0.40 0.42 0.472 9%

rs1123573 192 0.34 0.39 0.174 99%

rs12610495 232 0.19 0.27 0.004 84%

rs1548474 218 0.30 0.29 0.792 5%

rs17574 226 0.28 0.34 0.043 52%

rs17860115 64 0.63 0.32 < 0.001 * 100%
rs2298659 234 0.15 0.23 < 0.001 * 89%
rs2298661 232 0.15 0.22 0.001* 81%
rs35899679 230 0.38 0.47 0.016 80%

rs4290734 192 0.03 0.49 < 0.001* 100%
rs4303794 238 0.40 0.42 0.472 9%

rs463727 232 0.43 0.46 0.305 15%

rs61882275 222 0.41 0.37 0.222 22%

rs8178521 238 0.29 0.27 0.377 10%

rs9271609 150 0.19 0.3 0.0002* 90%
According to the p values obtained from individual Z tests conducted with 
the frequencies and the sample sizes of patients’ alleles, the following SNVs 
showed statistically significant differences, with p values < 0.0033: rs17860115, 
rs2298659, rs2298661, rs4290734, and rs9271609. While rs17860115 had a higher 
variant rate in the study cohort, other SNVs had lower MAFs
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confirmative, filtering out the variant with the lowest 
power (81%) after the z test analysis.

On the basis of our observations with this dataset, 
we suggest the use of the Bonferroni-adjusted p values 
to determine the significance of the variants in studies 
where cohort–population MAF comparisons are needed. 
Additionally, further validation of the significant vari-
ants with the bootstrapping approach is valuable for test-
ing the power thresholds suggested with the z test. With 
bootstrapping, setting the power threshold according to 
the power of the last variant that satisfies the Bonferroni-
adjusted p value yields a power threshold of 84%, which 
will filter out rs2298661 with a power of 81%. How-
ever, it should also be noted that, on the other hand, a 
more relaxed Holm‒Bonferroni correction would filter 
rs12610495 with a power of 84%.

Here, the final list of variants was located in the HLA-
DRB1 (rs9271609), IFNAR2 (rs17860115), and TMPRSS2 
(rs2298659, rs4290734) genes. Studies have shown 
potential relationships between variants in the HLA-
DRB1 gene and COVID-19 severity [39]. In this study, 
the rs9271609 variant in the HLA-DRB1 gene may be 

potentially associated with decreased disease risk. The 
IFNAR2 gene has been identified in several studies as a 
significant factor in COVID-19 susceptibility and sever-
ity [40, 41]. Similarly, in this study, the rs17860115 vari-
ant was potentially related to COVID-19 susceptibility. 
According to the data from dbSNP, the single-nucleo-
tide polymorphism rs17860115 is located within the 5’ 
untranslated region (UTR) of the gene. The positioning 
of this variant in the UTR suggests that it may play a sig-
nificant role in the regulation of gene expression or trans-
lation [42]. The TMPRSS2 gene has been found to play a 
significant role in COVID-19 susceptibility and severity. 
Rokni et al. reported an increased risk of COVID-19 in 
carriers of certain TMPRSS2 polymorphisms, whereas 
Wulandari et al. reported a possible association between 
the p.Val160Met polymorphism and SARS-CoV-2 infec-
tivity and disease outcome [43, 44]. The rs2298659, 
rs2298661, and rs4290734 variants identified in this study 
showed potentially protective effects against COVID-19. 
According to the study of Uslu. et al., rs34536443 vari-
ant in TYK2, rs7515509 variant in AK5 gene were found 

Fig. 3  Linkage matrix heatmap for Chr 21 variants. rs11088551 and rs4303794 show perfect linkage (R2 = 1.00) and the same variant allele frequencies 
both in the study cohort and the European populations (0.40 in the study cohort, 0.42 in the European (non-Finnish) population)
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statictically different between different severe, moderate, 
and mild/asymptomatic COVID-19 patient groups [45].

The comparison of allele frequencies between ICU 
patients and non-ICU patients reveals important insights 
that could have implications for understanding the role 
of genetic variants in determining COVID-19 severity. 
However, although no statistical significance was found 
for ACE2, rs1548474 attracted our attention, since the 
allele frequency of rs1548474 of ACE2 was 38.0% in the 
ICU group and 22.9% in the non-ICU group (p = 0.02; 
αBonferroni = 0.0036). In studies examining the relationship 
of the ACE2 gene with COVID-19, direct or inversely 
proportional relationships were observed between ACE2 
gene polymorphisms and COVID-19 severity [14, 46]. 
A recent meta-analysis of 84 different studies evaluating 
the associations of 130 polymorphisms in 61 candidate 
genes in more than 6,000 patients with severe symptoms 
and 8,000 patients with mild symptoms of COVID-19 
revealed that ACE2 was significantly associated with the 
severity of COVID-19 [47]. In the preprint of the study 
conducted by Wooster et al. in the United States, six vari-
ants of ACE2 were associated with disease severity, and 
only rs1548474 was found to be significant for mild dis-
ease. The allele frequency of the variant was 19% in hos-
pitalized patients and 42% in nonhospitalized patients. 
However, while the polymorphism in the dbSNP database 
was T > G, the major allele was determined to be G in this 
study [15]. On the other hand, Celik, et al.’s study popula-
tion, ACE gene I/D, ACE2 receptor gene rs2106809, and 
rs2285666 polymorphisms were not associated with the 
severity of COVID-19 infection [48] In a study from our 

region; enrichment of the rs4646116 ACE2 functional 
allele in the Turkish population was suggested, and also 
The two TMPRSS2 missense variants, rs12329760 and 
rs75603675, that were detected in the Turkish popula-
tion and have differential frequency distributions in 
dbSNP may have a role in population-specific outcomes 
in COVID‐19 severity [49].

KEGG pathway analysis provided insights into path-
way enrichment, focusing on the genes HLA-DRB1 
(rs9271609), IFNAR2 (rs17860115), and TMPRSS2 
(rs2298659, rs4290734) because of their significant fre-
quency differences between the European (nonfinish) 
population and our study cohort. Additionally, ACE2 was 
included in the analysis because of its notable frequency 
variation between the ICU and non-ICU patient groups. 
According to data from the MGI Mammalian Phenotypic 
database, knockout (KO) models for IFNAR2 and ACE2 
in mice demonstrated increased susceptibility to Ortho-
myxoviridae infections. TMPRSS2- and ACE2-KO mice 

Table 5  Significance analysis of the study cohort and European 
(non-Finnish) MAF with the bootstrapping approach
index 95% CI 

Lower 
bound

95% CI 
Upper 
bound

European (non-
Finnish) allele 
frequency

Signif-
icant 
Differ-
ence

rs11088551 0.30975 0.5 0.42 No

rs1123573 0.25 0.43 0.39 No

rs12610495 0.12 0.27 0.27 No

rs1548474 0.21 0.38 0.30 No

rs17574 0.2 0.37 0.34 No

rs17860115 0.54 0.73 0.32 Yes
rs2298659 0.08 0.21 0.23 Yes
rs2298661 0.08 0.22 0.22 No

rs35899679 0.29 0.47 0.47 No

rs4290734 0 0.07 0.49 Yes
rs4303794 0.31 0.5 0.42 No

rs463727 0.34 0.52 0.46 No

rs61882275 0.33 0.51 0.37 No

rs8178521 0.22 0.39 0.27 No

rs9271609 0.12 0.27 0.30 Yes
MAFs for SNVs rs17860115, rs2298659, rs4290734, and rs9271609 are significantly 
different than the exact European (non-Finnish) MAF based on the bootstrap 
confidence intervals

Table 6  Comparison of allele frequencies between the ICU and 
non-ICU groups.
Polymorphism ICU alleles Non-ICU 

alleles
p value OR (%95 

CI)
rs11088551 n = 104 n = 134 p = 0.77 1.12 

(0.64–1.95)44 (42.3%) 53 (39.6%)

rs1123573 n = 92 n = 100 p = 0.79 1.14 
(0.60–2.15)33 (35.9%) 33 (33.0%)

rs12610495 n = 104 n = 128 p = 0.66 1.22 
(0.60–2.48)22 (21.2%) 23 (18.0%)

rs1548474 n = 100 n = 118 p = 0.02 2.06 
(1.10–3.90)38 (38.0%) 27 (%22.9)

rs17574 n = 98 n = 128 p = 1.00 0.98 
(0.53–1.83)28 (28.9%) 37 (28.9%)

rs17860115 n = 18 n = 46 p = 0.18 0.40 
(0.11–1.42)9 (50.0%) 33 (71.7%)

rs2298659 n = 104 n = 130 p = 0.60 1.30 
(0.59–2.88)17 (16.3%) 17 (13.1%)

rs2298661 n = 104 n = 128 p = 0.82 1.16 
(0.56–2.41)17 (%16.3%) 17 (13.3%)

rs35899679 n = 104 n = 126 p = 0.37 0.75 
(0.44–1.29)36 (34.6%) 52 (41.3%)

rs4290734 n = 90 n = 102 P = 0.17 4.70 (0.52–
42.83)4 (4.4%) 1 (1.0%)

rs4303794 n = 104 n = 134 p = 0.29 0.73 
(0.44–1.23)44 (42.3%) 67 (50.0%)

rs463727 n = 102 n = 130 p = 0.51 0.81 
(0.48–1.37)41 (40.2%) 59 (45.4%)

rs61882275 n = 100 n = 122 p = 0.87 1.09 
(0.64–1.87)43 (43.0%) 50 (41.0%)

rs8178521 n = 104 n = 134 p = 0.48 1.27 
(0.73–2.26)34 (32.7%) 37 (27.6%)

rs9271609 n = 72 n = 78 p = 0.81 1.20 
(0.53–2.71)15 (20.8%) 14 (18.0%)

αBonferroni = 0.0033
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presented with lung inflammation, whereas ACE2-KO 
mice presented with corneal opacity. Notably, TMPRSS2- 
and ACE2-KO mice presented reduced susceptibility 
to Coronaviridae infections, and TMPRSS2-KO mice 
presented abnormal contextual conditioning behavior 
[37]. The KEGG pathway database indicated that HLA-
DRB1 and IFNAR2 gene products are components of 
the Epstein–Barr virus infection pathway. Furthermore, 
HLA-DRB1, IFNAR2, and TMPRSS2 are linked to the 
influenza A pathway. HLA-DRB1 and IFNAR2 are also 
involved in the herpes simplex virus 1 infection pathway. 
IFNAR2, TMPRSS2, and ACE2 were identified as key 
elements in the coronavirus disease pathway. Addition-
ally, the involvement of ACE2 in the renin‒angiotensin 
system pathway underscores its potential impact on 
COVID-19 severity and progression [37].

There are important limitations in our study. It can be 
assumed that our cohort size is limited, which makes the 
study prone to type 2 error. This study was conducted 
during the pandemic which limited our ability to expand 
the cohort. Furthermore, the study dates to the early days 
of the pandemic, and few patients were vaccinated for 
COVID-19. As it is difficult to appropriately quantify the 
impact of vaccination and more patients at risk for severe 
disease were vaccinated during the study period, the 
impact of vaccination on the development of severe dis-
ease cannot be determined. Our study is aiming to focus 
on previously reported variants, but also a genome-wide 
association study (GWAS) would provide a broader anal-
ysis of genetic factors associated with COVID-19 suscep-
tibility and severity.

The frequency results for some variants could not be 
obtained for every patient. As shown in Fig.  2; Table  3 
in the results section, although we were able to obtain 
information about most variants in most patients, we 
observed a high level of misses, especially in three vari-
ants. Although the inadequacy of the reading depths at 
this point is the final result, some situations may cause 
this. For example, the fact that some patients (especially 
in the ICU group) were intubated with saliva samples 
could not be obtained very efficiently and that there 
was not enough concentration in the isolated DNA due 
to errors that may have occurred during DNA isolation 
may have caused this situation. Furthermore, the fact 
that many patients experienced problems with variants 
for which we could not obtain sufficient results may indi-
cate that this situation may be related to primer design 
or that there may have been problems during sequencing, 
especially in these regions. However, it was not possible 
to renew the tests after these failed sequencings because 
the PCR products or isolated DNAs had lost their fresh-
ness or because, owing to storing conditions, some sam-
ples degradated. Because of this, we did not sequence the 
same products since we were suspicious of the adequacy 
of the degradated samples. Additionally, since it would 
not be possible to obtain DNA samples from the same 
patients again, we continued the frequency scans by 
excluding these regions.

Additionally, while our study focused on genetic pre-
dispositions, the interaction between genetic, envi-
ronmental, and social factors is crucial in determining 
disease outcomes. Comprehensive models integrating 

Fig. 4  Pathway enrichment analysis of susceptibility and severity variants revealed in the study with a KEGG pathway (enrichr). In this figure, green icons 
indicate genes, pink icons correspond to GO biological processes, gray icons represent items related to KEGG 2021 human pathways, and orange icons 
are designated MGI mammalian phenotype associations
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these factors are needed to provide a more complete pic-
ture of COVID-19 susceptibility and severity.

Conclusion
This study provides significant insights into the clinical 
and genetic factors associated with COVID-19 suscep-
tibility and severity. As the global community continues 
to combat COVID-19, integrating genetic research into 
public health strategies remains a priority, promising 
more effective responses to this and future pandemics. 
Further research in this area will enhance our under-
standing of the genetic basis of infectious diseases and 
improve our ability to predict and mitigate their impacts 
on diverse populations.
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