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et al. 1980). ASFV is highly pathogenic in European wild 
boar (Sus scrofa scrofa; Pikalo et al. 2019) and has been 
known to kill up to 100% of infected S. domesticus (Arias 
and Sanchez-Vizcaino 2002; Costard et al. 2013), with mor-
tality rates varying with the presence of viral strains in cir-
culation. In one study in Estonia, European wild boar were 
inoculated with ASFV (Nurmoja et al. 2017), and one sur-
vived, suggesting some resistance to ASFV in S. scrofa. The 
virulence of ASFV also seems to vary among pig breeds and 
endemicity of the disease in an area.

Some Sus domesticus breeds, especially African domes-
tic pigs from ASFV endemic areas, have ASFV detected 
in their blood (based on polymerase chain reaction [PCR] 
assays) but are asymptomatic for the disease (Haresnape et 
al. 1987; Penrith et al. 2004; Uttenthal et al. 2013; Okoth 
et al. 2013; Muhangi et al. 2015; Thomas et al. 2016; 
Mujibi et al. 2018; Patrick et al. 2020). However, this trait 
may not be heritable. Penrith et al. (2004) reported nearly 
100% mortality when the offspring of swine that had previ-
ously demonstrated resistance to ASF were challenged with 

Introduction

African swine fever (ASF) was first discovered in Sus 
scrofa domesticus in Kenya approximately 100 years 
ago (Montgomery 1921). African wild swine, warthogs 
(Phacochoerus africanus) and bushpigs (Potamochoerus 
porcus), are immune to the pathogenic effects of African 
swine fever virus (ASFV) and present no clinical signs of 
disease (Anderson et al. 1998; Oura et al. 1998; Thomson 
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Abstract
African swine fever (ASF) is endemic to Uganda and causes annual outbreaks. Some pigs survive these outbreaks and 
remain asymptomatic but are African swine fever virus (ASFV) positive. The potential heritability and genetic dispari-
ties in disease susceptibility among Ugandan pigs are not fully understood. In a 12-year study, whole blood and tissue 
samples were collected from 212 pigs across 19 districts in Uganda. Polymerase chain reaction (PCR) assays were used to 
determine ASFV infection status and genotyping was completed using a commercial porcine array. The point prevalence 
of ASF was calculated for each district, and breed composition origins were quantified for the sampled pigs by implement-
ing established ancestry analyses. Genome-wide associated studies (GWAS) were conducted using all available domestic 
swine samples (full study population; n = 206) as well as a reduced dataset (farm-level study population; n = 129). This 
study revealed a greater number of ASFV-positive pigs in border districts than in non-border districts, a high level of 
admixture among domestic pigs sampled from Ugandan smallholder farms, and 48 loci that were associated with ASFV 
infection status. The discovery of 48 significant SNPs and 28 putative candidate genes may imply the possibility of heri-
tability for resistance to ASFV. However, additional investigations in ASFV-endemic regions are required to fully elucidate 
the heritability of ASFV susceptibility among surviving pigs in Uganda.
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ASFV. Some studies have argued that less virulent strains 
of ASF have emerged in endemic areas due to large dele-
tions of viral genetic material encoding genes involved 
in modulating host immune responses (Netherton et al. 
2019). A 2020 outbreak in Nigeria revealed a deletion of 
6,535 base pairs between nucleotide locations 11,760 and 
18,295 in the genome sequence of an ASFV of southeast-
ern African origin and a reverse complement duplication at 
the 3′ end (Ambagala et al. 2023). Although the mortality 
rate in the Nigerian 2020 outbreak was high, reports show 
that mortality rates tend to decrease in ASF-endemic areas, 
while subclinical or chronic ASFV infections have become 
more frequent (Thomson 1985). However, the mecha-
nisms responsible for the reduced viral replication and lack 
of disease manifestations in African Sus scrofa and some 
indigenous S. domesticus after ASFV infection are largely 
unknown. Recent studies have reported that ASFV resis-
tance in such pigs could be due to the innate immune system 
of these hosts (Netherton et al. 2019; Penrith et al. 2021) 
and that the immune system may control viral replication, 
resulting in reduced systemic infection and pathogenesis. 
It may also be that resistance to ASFV involves a balance 
between virus and host factors, which have evolved over 
long-term infection of these hosts (Netherton et al. 2019).

In Uganda, ASFV is both endemic and enzootic, threat-
ening the livelihood of smallholder pig producers (Muhangi 
et al. 2015). A 2013 study reported a high ASFV serop-
revalence (53%) in apparently healthy pigs brought to a 
slaughterhouse in Uganda (Atuhaire et al. 2013). On the 
Kenya-Uganda border, ASFV DNA was detected in the 
tissues of two live domestic pigs (Abworo et al. 2017). 
Another longitudinal study in Uganda revealed three sur-
viving pigs that were PCR positive for ASFV (Muhangi et 
al. 2015). Neither study found seropositive pigs, and thus, 
it cannot be concluded that any of the pigs had an immune 
response that resisted ASFV (Muhangi et al. 2015). How-
ever, it is possible that there are genomic differences in 
disease susceptibility among Ugandan pigs, and if this is 
the case, it is unknown whether such genomic differences 
are heritable. Ugandan pigs are thought to be a mixture of 
old British and modern pigs (Babigumira et al. 2021) or a 
mixture of Western, Far Eastern, and Indian pigs (Noce et 
al. 2015). However, the ‘local’ Ugandan pigs have not been 
fully characterized (Babigumira et al. 2021) and are only 
phenotypically described as small and black (Blench 2000). 
Therefore, the exact ancestry of pig breeds in Uganda is 
not yet fully understood. Variation in disease susceptibility 
among hosts is routinely investigated using genome-wide 
association studies (GWAS), a tool used to identify statisti-
cal associations between single nucleotide polymorphisms 
(SNPs) and phenotypes of interest (Visscher et al. 2017). 
Thus, the objectives of this study were: (1) to determine the 

prevalence of ASFV and the variation in the mean number 
of positive pigs between border and non-border districts, 
(2) to describe the ancestry of Ugandan domestic pigs as an 
underpinning of the potential for adaptation to ASFV expo-
sure, and (3) to identify genomic regions associated with 
infection status among domestic pigs naturally exposed to 
ASFV in Uganda, using GWAS.

Materials and methods

Sample collection

Between 2010 and 2021, whole blood and tissue samples 
were collected from 65 smallholder pig farms, across 19 
districts, in Uganda that had reported ASF outbreaks. This 
paper defines smallholder farmers as those with less than 2 
acres of land engaged in subsistence farming and livestock 
(one to ten animals) rearing using family labor. The breeds 
represented in this study were reflective of the diverse pig 
production systems in Uganda. More specifically, samples 
were collected from ‘local’ Ugandan breeds, exotic breeds 
(e.g., commercial breeds), and local-exotic hybrids (Blench. 
2000; Muhanguzi et al. 2012; Ouma et al. 2015; Twine and 
Njehu 2020). In most cases, the ASF outbreak was assumed 
to have been reported at least one week after pigs began 
succumbing to disease, a timeframe in which the remaining 
pigs were often sold in a practice referred to as ‘panic sell-
ing’ (Penrith et al. 2019). Therefore, samples were collected 
approximately two or more weeks after the ASF outbreak 
began. Whole blood (from the jugular vein) in EDTA-coated 
vacutainer tubes or tissue (spleen and liver) in cryovials 
containing RNA later was collected from both asymptom-
atic and symptomatic pigs depending on the availability 
of sample type. In the field, all the samples were kept on 
ice packs and subsequently transferred to -20°C and − 80°C 
freezers in the Molecular Biology Laboratory located in 
the Department of Environmental Management, College of 
Agriculture and Environmental Sciences, Makerere Univer-
sity, for short- and long-term storage, respectively. In total, 
212 samples (whole blood, n = 182 and tissue, n = 30) were 
collected for the study by a project veterinarian.

DNA extraction and amplification

Total genomic DNA was extracted from both whole blood 
and tissue (n = 212). ASFV genomic DNA was extracted 
from 100 µl of whole blood or 10 mg of tissue, and a final 
eluate of 200 µl was obtained using a nucleic acid extrac-
tion kit (DNeasy Blood & Tissue Kit; QIAGEN, Germany) 
following the manufacturer’s procedures. DNA capture was 
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confirmed by electrophoresis through a 2% agarose gel and 
visualization under ultraviolet light.

ASFV detection

Three polymerase chain reaction (PCR) assays were per-
formed to detect the presence of ASFV in the samples: real-
time (n = 161 samples), conventional (n = 32 samples), and 
blood (n = 19 samples) assays. Three different test kits were 
used depending on the availability of a test kit at the time of 
the outbreak, and the samples were made available.

Real-time polymerase chain reaction (RT‒PCR)

A commercially available RTPCR kit (Tetracore Inc., 
Rockville, MD, USA) and Smart Cycler DX 3.0 (Cepheid, 
Sunnyvale, CA, USA) were used for the detection of ASFV 
DNA in the blood and tissue samples following the manu-
facturer’s protocol (n = 161). Positive and negative controls 
were supplied with the RT‒PCR kit.

Conventional PCR

The presence of ASFV DNA in the samples (n = 32) was 
tested via conventional PCR. The ASFV segments were 
amplified using the primer pair PPA1-5’-​A​G​T​T​A​T​G​G​G​A​A​
A​C​C​C​G​A​C​C​C-3’ and PPA2-5’-​C​C​C​T​G​A​A​T​C​G​G​A​G​C​A​T​
C​C​T-3’, which amplified a 278 bp region corresponding to 
the central portion of the p72 gene. PCR amplification was 
performed in a 25 µl reaction volume: 2 µl of the template 
DNA was added to 23 µl of a commercially available One 
Taq Quick-Load 2X master mix with standard buffer (New 
England Bio Labs Inc., UK). The cycling conditions were 
as follows: initial denaturation at 95  °C for 10  min for 1 
cycle, denaturation at 95 °C for 15 s, annealing at 55 °C for 
30 s, extension at 72 °C for 30 s, a final extension at 72 °C 
for 7 min and a hold at 4 °C. The denaturation, annealing 
and extension steps were repeated for 35 cycles. The PCR 
results were confirmed to be positive or negative by run-
ning the samples on a 2% agarose gel with a positive control 
sample and a marker (DNA ladder). In-house controls (posi-
tive and negative) were used. The positive control was pre-
viously purified from positive cases with sequencing data 
available to confirm the presence of the ASFV strain.

Blood direct

A Blood Direct PCR Master Mix Kit (Bio & SELL, Ger-
many) was used to detect the presence of ASFV in 19 blood 
samples following the manufacturer’s instructions. Positive 
and negative controls were used, and the positive control 

was previously purified from positive cases with sequencing 
data available to confirm the ASFV strain.

Statistical analysis of ASFV detection

The point prevalence of ASF was computed for each dis-
trict using STATA (version 18.0; Stata Corp LLC., College 
Station, TX, USA, Stata Corp 2023). Point prevalence was 
defined as the proportion of a population of pigs in a district 
that had ASFV at a specific time point. The variation in the 
mean number of ASFV positive samples between border 
and non-border districts was also computed using STATA 
(version 18.0; Stata Corp LLC., College Station, TX, USA). 
Boarder districts were those located: (a) at the national bor-
der of Uganda (Arua, Busia, Isingiro, Rakai and Tororo); (b) 
close to the national parks (Gulu, Nwoya and Oyam); (c) 
with high pig density (Masaka and Mukono); and (d) host-
ing the national pig abattoir (capital city, Kampala). These 
districts received pigs (ASFV – and +) from all over the 
country due to trade between the capital city and other dis-
tricts (Okwasimiire et al. 2023).

Genotyping

Domestic swine (n = 212) were genotyped using the 
Affymetrix Axiom Porcine Genotyping Array (658,692 sin-
gle nucleotide polymorphisms [SNPs]; Thermo Fisher Sci-
entific [Waltham, MA]; Groenen 2015) and best practices 
for genotype designation as defined by the manufacturer 
(i.e., SNP-specific priors). High-density SNPs were filtered 
based on the best and recommended probesets identified 
in the output file “recommended.ps” from the R package 
SNPolisher (Thermo Fisher Scientific [Waltham, MA]), 
552,335 loci were retained.

Data curation

The 552,335 SNPs were mapped to the Sscrofa11.1 refer-
ence genome assembly (Warr et al. 2020) with unmapped 
and non-autosomal loci pruned from the dataset (53,207 
loci removed). Sample and genotype quality control filters 
were applied using SNP & Variation Suite (SVS; version 
8.9.0; Golden Helix, Bozeman, Montana, USA), which 
retained locus call rates > 90%, individual genotypes 
with > 90% call rates, and loci with minor allele frequen-
cies (MAF) > 0.05%. No samples or SNPs were discarded 
due to a call rate < 0.90; however, 32,987 SNPs with an 
MAF < 0.05 were removed. Linkage disequilibrium prun-
ing was performed using the composite haplotype method 
(window size 50, window increment 5, r2 threshold 0.2). 
Following linkage disequilibrium pruning, 10,297 SNPs 
were retained for subsequent analyses. The R package 
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Farm-level study population

To ensure that the controls were selected from the same 
population where the cases were identified, and to minimize 
spurious findings due to selection biases and confounding 
(Zondervan and Cardon 2007; Sahana et al. 2023), small-
holder farms that lacked variation in case/control status 
(i.e., smallholder farms in which all samples collected 
were ASFV positive or ASFV negative) were removed 
from the data. The remaining samples and genotypes were 
quality controlled using the same thresholds described for 
duplicate sample removal (locus call rates > 90%, sample 
call rates > 90%, and MAF > 0.05%). The resulting data 
consisted of 129 domestic swine sampled between 2010 
and 2019 from 33 different smallholder farms across 15 
districts. Approximately half of the samples were cases 
(n = 65), and half were controls (n = 64). Following quality 
control, 466,254 SNPs were retained for subsequent analy-
ses. Hereafter, we use the term ‘farm-level study population’ 
to denote the 129 domestic swine genotyped at 466,254 loci.

Characterization of population structure

Linkage disequilibrium pruning (window size 50, window 
increment 5, r2 threshold 0.2) was conducted on the full 
study population, using SVS (version 8.9.0; Golden Helix, 
Bozeman, Montana, USA), resulting in 206 samples and 
10,268 loci to characterize population structure. First, we 
used SVS (version 8.9.0; Golden Helix, Bozeman, Mon-
tana, USA) to conduct principal component analysis (PCA; 
additive genetic model, markers normalized by the theoreti-
cal standard deviation under Hardy‒Weinberg equilibrium 
[HWE]; composite haplotype method). Second, ADMIX-
TURE (version 1.3.0; Alexander et al. 2009) was used to 
evaluate K from 2 to 10 in an unsupervised framework. For 
each value of K, 10 iterations were conducted, and the mean 
and standard deviation of the cross-validation error were 
calculated.

Single-locus genome-wide association studies

Model selection

For both the full study population and the farm-level study 
population, the probability of ASFV infection status was 
evaluated as a function of district, ancestry composition 
(including Chester White, Yorkshire/Large White, and 
Western Heritage, as these 3 breeds represented the bulk 
of the ancestry associations among sampled animals), and 
PCR assay (RT, conventional, and blood). These evalua-
tions were conducted using fixed effects logistic regression 
models (stats package [R Core Team 2021]) implemented 

GENESIS (‘pcair’ and ‘pcrelate’ functions; Gogarten et al. 
2019) was used to estimate degrees of relatedness (r) and 
evaluate duplicate samples. Both samples were discarded 
from the dataset when duplicated pairs (r > 0.95) had dis-
cordant metadata; however, one sample was retained when 
concordant metadata were observed. Four pairs of dupli-
cated samples were identified (two pairs with concordant 
metadata and two pairs with discordant metadata), and six 
samples were discarded (n = 206).

Ancestry analysis

Ancestry was quantified for nonduplicated domestic swine 
genotypes (n = 206) using methods closely based on those 
detailed in Smyser et al. (2020). Briefly, ADMIXTURE 
(version 1.3.0; Alexander et al. 2009) was ran in a super-
vised framework using a Sus scrofa reference set comprised 
of 105 domestic breeds, 23 native wild boar populations, 
and four sister taxa. These methods deviated modestly from 
Smyser et al. (2020) in that the genotypes reported in this 
study were produced with an Affymetrix array as opposed to 
Illumina bead array chemistry. Accordingly, we first aligned 
the Affymetrix high-density genotypes to those produced 
with the Illumina arrays referenced by Smyser et al. (2020) 
with a custom R script. We then mapped loci shared across 
SNP genotyping platforms to the Sscrofa11.1 reference 
genome assembly (Warr et al. 2020). The alignment of loci 
across arrays provided us with 22,008 SNPs for ancestry 
analysis as opposed to the 29,375 loci presented in Smyser 
et al. (2020).

Study populations

Full study population

The full study population consisted of the 206 nondupli-
cated domestic swine, sampled from 65 smallholder farms 
across 19 Ugandan districts between 2010 and 2021. Of the 
206 swine, 119 were ASFV positive (cases), and 87 were 
ASFV negative (controls). Samples and genotypes were 
quality controlled using the same thresholds described for 
duplicate sample removal. Briefly, only mapped autoso-
mal SNPs from the best and recommended probesets were 
retained and standard quality control filters were applied 
using SVS (locus call rates > 90%, sample call rates > 90%, 
and MAF > 0.05%; version 8.9.0; Golden Helix, Boze-
man, Montana, USA). Genotype quality control resulted in 
466,268 SNPs for subsequent analyses. Hereafter, we use 
the term ‘full study population’ to denote the 206 domestic 
swine genotyped at 466,268 loci.
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EMMAX algorithm with an IBS matrix and additive model 
(Kang et al. 2010; http://genetics.cs.ucla.edu/emmax/index.
html) for each of the 1,000 sampled datasets. Finally, the 
R package bayestestR (Makowski et al. 2019) was used to 
calculate the overlap coefficient between the two empirical 
distributions.

To assess whether a given district had a significant con-
tribution to the pseudo-heritability estimate, we used an 
iterative process in which individual districts were with-
held and the methods described above were applied to each 
truncated dataset. Overlap coefficients generated from the 
truncated datasets were then individually compared to the 
overlap coefficient for the global dataset, which contained 
all districts. To quantify the relative contribution of each 
district to the pseudo-heritability estimate, we compared 
the bootstrapped distributions for the truncated datasets to 
the bootstrapped distribution for the global dataset and then 
subtracted the resulting overlap coefficients from one. To 
determine the sign of the relative contributions, the median 
pseudo-heritability estimate from the bootstrapped distribu-
tion for the truncated dataset was compared to the median 
pseudo-heritability estimate from the bootstrapped distribu-
tion for the global dataset.

Results

ASFV detection

In total, 57.8% of the samples were positive for ASFV, of 
which Gulu and Masaka had the highest proportions of posi-
tive samples (36.6% and 12.2%, respectively; Table 1). The 
mean number of positive ASFV samples in border districts 
was significantly greater than that in non-border districts 
(Student’s t test: t = 1.7854, p = 0.046; Table 2).

Ancestry

At the individual level, domestic swine were highly admixed 
and strongly associated with reference samples from the 
following breeds: Chester White, Western Heritage, York-
shire/Large White, and Landrace (Fig. 1). Across districts, 
associations with individual breeds varied greatly. Swine 
sampled in Jinja, Kampala, Lira, Lwengo, Masaka, Mpigi, 
and Mukono had moderate associations with Landrace, an 
ancestry source that was absent in Aura and Nebbi. Simi-
larly, Western Heritage breeds represented a large contribu-
tor to domestic swine in Arua, Busia, Gulu, Isingiro, Nebbi, 
Oyam, Rakai, and Tororo but had minimal associations with 
pigs in Jinja, Luwero, Lwengo, and Mukono.

in the R program (version 4.1.1; R Core Team 2021). To 
avoid collinearity in the statistical model, pairwise cor-
relation coefficients were calculated for the three breeds 
using the R package stats (R Core Team 2021). All possible 
combinations of fixed effects were examined using Akaike 
information criterion (AIC) in the R package MuMIn (Bar-
ton 2020), in which the most informative model was identi-
fied based on the lowest AIC value. Cumulative covariate 
weights were used to assess individual fixed effects when 
model uncertainty (multiple models within 2 Δ AIC of the 
top model) existed; weights greater than 0.5 were consid-
ered supported (Doherty et al. 2012).

EMMAX algorithm

Genome-wide association studies were performed for both 
study populations using the efficient mixed-model associa-
tion eXpedited (EMMAX) algorithm (Kang et al. 2010) in 
SVS (version 8.9.0; Golden Helix, Bozeman, Montana). 
Identity-by-state (IBS) matrices were computed and fit as 
random effects in the models to account for sample stratifica-
tion (underlying population structure and relatedness). Addi-
tive, dominant, and recessive models were evaluated due to 
uncertainty in the mode of inheritance for ASFV infection 
status. The pseudo-heritability (ph) of ASFV infection status 
was estimated for each model. Genomic inflation factors (λ) 
were calculated to evaluate how well each model accounted 
for the underlying population structure. Low, moderate, and 
high-test statistic inflation were characterized by λ < 1.01, 
1.01 < λ < 1.05, and λ > 1.1, respectively (Aulchenko 2015). 
A moderate association between ASFV infection status and 
a given SNP was characterized by 5 × 10− 7 < unadjusted P 
value < 1 × 10− 5, and a strong association was characterized 
by an unadjusted P value < 5 × 10− 7 (Consortium 2007).

Pseudo-heritability evaluation

To evaluate the probability of obtaining a pseudo-heri-
tability estimate as or more extreme than the observed 
pseudo-heritability estimate, we quantified the concordance 
between a phenotype-based permutation distribution and a 
bootstrapped distribution. To generate a phenotype-based 
permutation distribution, the phenotypes (ASFV positive or 
ASFV negative) associated with individual genotypes were 
permuted 1,000 times, and pseudo-heritability was esti-
mated using the EMMAX algorithm with an IBS matrix and 
additive model (Kang et al. 2010; http://genetics.cs.ucla.
edu/emmax/index.html). The bootstrapped distribution was 
generated by resampling 90% of the observed data without 
replacement 1,000 times (sampler package in R [Baldassaro 
2019]). The sample was stratified by district to ensure bal-
anced sampling. Pseudo-heritability was estimated using the 
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Genome-wide association studies

Model selection for both the full and farm-level study popu-
lations revealed multiple competing models (ΔAIC < 2); 
therefore, we examined the support for each fixed effect 
using cumulative covariate weights (Doherty et al. 2012). 
District, ancestry composition (Chester White, York-
shire/Large White, and Western Heritage), and PCR assay 
were not informative for predicting ASFV infection status 
(weight < 0.50) and, therefore, were not included as fixed 
effects in the final model. The genomic inflation factors 
overwhelmingly suggested low to moderate test statistic 
inflation due to population stratification (Table  3). When 
evaluating the quantile-quantile (QQ) plots for the full study 
population, the observed P values for the additive and domi-
nance models deviated from the expected P values (Fig. 4). 
This deviation could be caused by underlying population 
structure that was not sufficiently corrected for in the model 
or SNPs that are under selection (Ehret. 2010; Uffelmann 
et al. 2021). Given that three out of four methods did not 
indicate the presence of population structure within the data 
(i.e., PCA, genetic structure, and genomic inflation factors) 
and the lack of early separation between the observed and 
expected P values, it is plausible that these markers are 
under selection. Using the full study population, the addi-
tive, dominance, and recessive models identified 35, 38, and 
3 significant SNPs, respectively (Table  3; Fig.  5; Supple-
mental Information Table S1). Thirty-three loci were shared 
by the additive and dominance models; thus, 43 unique loci, 
located on chromosomes 1, 2, 5, 6, 8, 9, 10, 11,12, 13, 14, 
15, 16, and 17, were associated with ASFV infection status. 
The estimated pseudo-heritability for the full study popula-
tion across all three modes of inheritance was 0.71 ± 0.22 
(SE; Table  3). Six SNPs on chromosomes 3, 11, and 17 
were moderately associated with the ASFV infection sta-
tus according to the farm-level analysis (Table  3; Fig.  6; 
Supplemental Information Table S2). The pseudo-heritabil-
ity estimate for the farm-level study population across all 
three genotypic models was 0.11 ± 0.30 (SE; Table 3). One 
intronic variant on chromosome 17 (rs340492327), was 
moderately associated with ASFV infection status in both 
study populations. Overall, 48 unique loci were associated 
with ASFV infection status when considering both study 
populations.

Pseudo-heritability

For the full study population, the overlap coefficient 
between the phenotype permutation distribution and boot-
strapped distribution was 0.02, suggesting a true association 
between the ASFV phenotypes and high-density genotypes. 
Based on the overlap coefficients for the truncated datasets 

Population structure

The principal component analysis provided no indication 
of population structure in the full study population (Fig. 2). 
An examination of the cross-validation error plot (Fig.  3) 
derived from the genetic structure analysis provided some 
support for 2 or 3 genetic clusters (K). However, further 
evaluation of the Q estimates from the K = 2 and K = 3 
assessments were consistent with the characteristics of 
an uninformative model, as described by Pritchard et al. 
(2000), in that the majority of individuals had mixed asso-
ciations with multiple clusters. Accordingly, we concluded 
that K = 1 with no ability to resolve discrete genetic clusters 
among the sampled animals.

Table 1  Point prevalence of African swine fever (ASF) for 19 districts 
in Uganda
District Number 

of positive 
samples

Number of 
negative 
samples

Total 
samples 
tested

Propor-
tion of 
positive 
samples

Point 
preva-
lence 
(%)

Arua 3 – 3 2.4 100.0
Busia 7 – 7 5.7 100.0
Gulu 15 7 22 12.2 68.2
Isingiro 2 1 3 1.6 66.7
Jinja 2 2 4 1.6 50.0
Kalungu 1 – 1 0.8 100.0
Kampala 6 4 10 4.9 60.0
Lira 3 5 8 2.4 37.5
Luwero 3 4 7 2.4 42.9
Lwengo – 4 4 n/a n/a
Masaka 45 22 67 36.6 67.2
Mpigi 3 3 6 2.4 50.0
Mukono 6 3 9 4.9 66.7
Nebbi 2 3 5 1.6 40.0
Nwoya 10 10 20 8.1 50.0
Oyam 2 8 10 1.6 20.0
Rakai 1 2 3 0.8 33.3
Tororo 11 11 22 8.9 50.0
Wakiso 1 1 2 0.8 50.0
Total 123 90 213 100 n/a

Table 2  Variation in the mean number of African swine fever-positive 
samples between border and non-border districts in Ugandaa

District category Fre-
quency 
of ASF

Mean Standard 
Deviation

Upper 
Bound 
CI

Lower 
Bound 
CI

Border districts 11 9.818 12.448 1.455 18.181
Non border 
districts

8 1.875 1.126 0.934 2.816

All districts 
combined

19 6.474 10.140 1.586 11.361

Difference 7.943 -1.443 17.330
aHo: diff = 0, Ha: diff > 0, Student’s t test: (t = 1.785; p = 0.046 and 
df = 17)
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estimated pseudo-heritability for the farm-level study popu-
lation (Table 4), and the relative contribution of each district 
ranged from − 0.35 to 0.60 (Fig. 8).

Discussion

In ASF endemic areas, such as Uganda, seemingly healthy 
pigs have tested positive for ASFV or ASF viral antibod-
ies without clinical symptoms of the disease (Penrith et al. 

(Table 4), Masaka and Nwoya significantly contributed to 
the pseudo-heritability estimate. The relative contributions 
of the 19 districts in the full study population ranged from 
− 0.80 to 0.84 (Fig. 7). The relative contribution of Masaka 
was 0.84, whereas that of Nwoya was 0.67. The overlap 
coefficient between the bootstrapped distribution and phe-
notype permutation distribution was 0.63 for the farm-level 
study population, which indicates that there is no associa-
tion between genotype and ASFV infection status. More-
over, none of the districts significantly contributed to the 

Fig. 2  Two-dimensional principal 
component analysis (PCA) plot 
for 206 domestic swine sampled 
across 19 districts in Uganda, 
color coded by district. Principal 
component one is represented 
on the x-axis and principal 
component two is represented on 
the y-axis

 

Fig. 1  Ancestry profiles for 206 
domestic swine sampled across 
19 districts in Uganda were 
generated using the methods of 
Smyser et al. (2020). Vertical 
bars represent individual domes-
tic swine
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districts (Student’s t test: t = 1.785, p = 0.046; Table  2). 
Secondly, there was a high admixture of pigs among Ugan-
dan smallholder farmers, with interdistrict variation in pig 
breeds. Lastly, we identified 48 loci across 15 chromosomes 
that were associated with ASFV infection status within nat-
urally infected domestic swine.

African swine fever incidence

Our results revealed a significantly greater mean number of 
ASFV-positive pigs and a greater prevalence of ASFV in the 
border districts than in the non-border districts (Tables 1 and 
2 respectively). The national border points, such as Arua 
(Uganda-Congo border), Busia and Tororo (Uganda-Kenya 
border), and Isingiro and Rakai (Uganda-Tanzania border), 
had a high prevalence of ASFV infections. Given that ASF 
is a transboundary disease, the high prevalence of ASF in 
the border districts could be explained by frequent cross-
border movement associated with trade between Uganda 
and neighboring countries (Democratic Republic of the 
Congo, Kenya and Tanzania). This is further confirmed by 
the circulation of ASFV genotype IX in Uganda and across 
the border between the Democratic Republic of the Congo 
(Mulumba-Mfumu et al. 2019, Patrick et al. 2020), Kenya 
(Abworo et al. 2017) and Tanzania (Chang’a et al. 2019). 
The high ASFV infection rates in Masaka could be due to 
the high sampling frequency during this study or ecological 
factors arising from the high pig population density in the 
district. In contrast, the increase in ASFV infection in Gulu 
and Nwoya may be associated with their close proximity to 
Murchison’s Falls National Park, which has a considerable 
population of ASFV reservoirs, such as soft ticks, bushpigs 
and warthogs (Kukielka et al. 2016).

Ancestry of Ugandan domestic pigs

Pigs raised on smallholder farms in Uganda were of mixed 
breed, with the largest ancestral contributions from Chester 

2004; Muhangi et al. 2015; Thomas et al. 2016; Patrick et 
al. 2020; Okwasiimire et al. 2023). As ASF continues to 
threaten the livelihood of swine producers within Uganda, 
and across the world, it is crucial to elucidate the genetic 
disparities among domestic swine that exhibit varied levels 
of susceptibility to ASFV. This study leveraged 206 domes-
tic swine that were naturally exposed to ASFV in Uganda to 
compare the prevalence of ASFV between border and non-
border districts, characterize the ancestry profiles of ‘local’ 
Ugandan domestic swine, and evaluate the heritability of 
ASFV infection status. The key findings of this study are 
threefold. Firstly, we found a significantly greater number 
of ASFV-positive pigs in border districts than in non-border 

Table 3  Summary of genome-wide association studies on African swine fever virus (ASFV) infection status conducted using naturally exposed 
Ugandan domestic swine
Study Populationa Mode of Inheritance Covariates phb SE (ph)c λd Significant SNPe

Full Additive NA 0.71 0.22 1.02 35
Full Dominance NA 0.71 0.22 1.00 38
Full Recessive NA 0.71 0.22 1.00 3
Farm Additive NA 0.11 0.30 1.01 0
Farm Dominance NA 0.11 0.30 1.00 2
Farm Recessive NA 0.11 0.30 1.04 4
aFull study population (Full; n = 206) and farm-level study population (Farm; n = 129)
bPseudo-heritability estimate
cStandard error of pseudo-heritability estimate
dGenomic inflation factor (λ)
eNumber of significant SNPs identified

Fig. 3  Cross-validation error plot for the genetic structure analysis 
evaluating K from 2 to 10 among 206 domestic swine sampled across 
19 districts in Uganda. For each value of K, the mean cross-validation 
error across 10 iterations is represented by a box with the standard 
deviation as a whisker
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The results of this study also show interdistrict variation 
in breed composition origins. For example, swine sampled 
from the central districts of Uganda, with the exception of 
Lira, were moderately associated with Landrace, an associa-
tion absent in Aura and Nebbi. Similarly, Western heritage 
breeds represented a large contributor to domestic swine 
in the border districts (Arua, Busia, Gulu, Isingiro, Nebbi, 
Oyam, Rakai, and Tororo), but had minimal associations 
with pigs in the districts farther from the border districts 
(Jinja, Luwero, Lwengo, and Mukono). The high admixture 
of Ugandan smallholder pigs likely occurred because of 
the many livestock restocking programs, by either govern-
ment or nongovernmental organizations, that periodically 
distribute pigs of known and unknown breeds to farmers 
(Ampaire 2011; Amills et al. 2013; Babigumira et al., 2020; 
Ouma 2017; Tatwangire 2013). Additionally, the unregu-
lated cross-border trade between Uganda and neighboring 
countries may have contributed to the high levels of admix-
ture. This is supported by the variation in border district pigs 
from the inland districts.

White, Western Heritage, Yorkshire/Large White, and Land-
race. This finding is consistent with previous studies in 
Uganda that reported that local smallholder pigs were a 
mixture of old British and modern pigs (Babigumira et al. 
2021). Noce et al. (2015) reported that Ugandan pigs clus-
tered with populations from the West (Europe/North Africa), 
Far East, and India. However, our study revealed additional 
associations to far east pigs, such as the Japanese wild boar, 
Sutai and Minzhu breeds of Chinese origin, and European 
breeds (Fig.  1). Extensive admixture among Ugandan 
‘local’ pigs could be attributed to unregulated crossbreed-
ing among farmers, as previously reported by Greve (2015). 
In Uganda, there is no government-controlled breeding pro-
gram; therefore, farmers utilize crossbreeding to fulfill their 
goals. Some of the traits desired by Ugandan smallholder 
farmers include adaptive traits (disease tolerance), produc-
tive traits (fast growth rate, high birth weight and large litter 
size) and ease of marketing (leanness of carcass, body size 
and market value; Ogweng et al., unpublished). In addi-
tion, the porous borders enable traders and farmers to obtain 
various pig breeds from neighboring countries, further con-
tributing to crossbreeding and the spread of transboundary 
livestock diseases such as ASF.

Fig. 4  Quantile‒quantile (QQ) plots for African swine fever virus (ASFV) genome-wide association studies (GWAS). Two study populations (full 
study population [Full] and farm-level study population [Farm]) and three modes of inheritance (additive, dominant, and recessive)
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effect and heritability estimates (Bishop and Woolliams 
2010; Bishop et al. 2012; Bishop and Woolliams 2014). 
Moreover, ‘panic selling’ of ASF survivor pigs during out-
breaks, in which swine are rapidly sold for consumption, 
causes constant turnover of genetic resources preventing 
future selection of ASFV resistant animals as breeding stock 
(Penrith et al. 2021; Dione et al. 2014). Our findings dem-
onstrate that the pseudo-heritability estimate was strongly 
affected by the inclusion of data from Nwoya and Masaka. 
It is plausible that the proximity of Nwoya to Murchison’s 
Falls National Park (which is home to ASFV reservoirs such 
as warthogs, bushpigs, and soft ticks) and Masaka’s dense 
pig population may explain their impact on the estimate. 
Targeted sampling in the districts of Nwoya and Masaka 
may help improve the accuracy of ASFV pseudo-heritabil-
ity estimates within Ugandan domestic swine.

Disease resistance has been used in the selective breed-
ing of livestock (Islam et al. 2020). Xu et al. (2020) reported 
that pigs have been genetically modified to create breeds 
that are immune to viral illnesses, such as porcine respira-
tory and reproductive syndrome virus (PRRSV), transmis-
sible gastroenteritis virus (TGEV), and classical swine fever 
virus (CSFV). However, the development of ASFV-resistant 

Pseudo-heritability of ASFV susceptibility

The results of this study were inconclusive regarding the 
heritability of ASFV susceptibility. Genome-wide associa-
tion studies for the full study population revealed 43 signifi-
cant SNPs, whereas only 6 significant loci were identified for 
the farm-level study population. Moreover, the pseudo-her-
itability estimates for the full study population suggest that 
ASFV susceptibility is highly heritable (ph = 0.71) while the 
estimates associated with the farm-level study population 
would suggest that it is lowly heritable (ph = 0.11). Previ-
ous studies have reported low heritability estimates for traits 
that describe disease outcomes in domestic swine (Henryon 
et al. 2001, 2003; Bishop and Woolliams. 2010); thus, esti-
mates from the farm-level study population better aligned 
with our expectations. Our inability to fully discern whether 
ASFV susceptibility is a heritable trait may have been influ-
enced by several factors. For instance, we had a relatively 
small sample size, and we did not know exactly when the 
pigs were exposed to ASFV during the outbreaks or if the 
exposed pigs had enough time to mount an immune response 
and produce clinical signs before biological samples were 
collected. These limitations may negatively bias both SNP 

Fig. 5  Manhattan plots for Afri-
can swine fever virus (ASFV) 
infection status in Ugandan 
domestic swine using the full 
study population (n = 206). (A) 
Additive model, (B) dominance 
model, (C) recessive model. The 
black line denotes a moder-
ate association (5 × 10− 7 < P 
value < 1 × 10− 5), whereas the red 
line denotes a strong association 
(P value < 5 × 10− 7)
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Table 4  The overlap coefficients between the phenotype permutation distributions and bootstrapped distributions were used to evaluate whether 
a given Ugandan district significantly contributed to the pseudo-heritability estimate for the African swine fever virus (ASFV) infection status
Dropped District Overlap Coefficient

Full Farm
Arua 0.02 -
Busia 0.02 -
Gulu 0 0.46
Isingiro 0.02 0.58
Jinja 0.01 0.47
Kalungu 0.02 -
Kampala 0.01 0.48
Lira 0.02 0.66
Luwero 0.03 0.66
Lwengo 0.03 -
Masaka 0.27 0.52
Mpigi 0.02 0.56
Mukono 0.02 0.63
Nebbi 0.02 0.45
Nwoya 0.10 0.51
Oyam 0.05 0.71
Rakai 0.01 0.69
Tororo 0.01 0.64
Wakiso 0.03 0.61

Fig. 6  Manhattan plots for Afri-
can swine fever virus (ASFV) 
infection status in Ugandan 
domestic swine using the farm-
level study popultion (n = 129). 
(A) Additive model, (B) 
dominance model, (C) recessive 
model. The black line denotes a 
moderate association (5 × 10− 7 < 
P value < 1 × 10− 5)
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Palgrave et al. (2011), the ReLA gene, which is likewise 
found on chromosome 2, is considered to contribute to the 
resistance of warthogs to ASFV by controlling their immune 
response to infections. Nevertheless, after being exposed to 
a moderately virulent ASFV, some domestic pigs whose 
ReLA gene was edited to contain all three amino acids 
found in the warthog RELA (Lillico et al. 2016; McCleary 
et al. 2020) were not resistant to ASF (Feng et al. 2023) 
but showed a delay in the onset of clinical signs. In-depth 
investigation of the functions of the LDHB, TRIM, and 
RelA genes in warning of ASFV resistance and alterations 
in these genes in domestic pigs may be essential for manag-
ing ASFV (McCleary et al. 2020). A detailed exploration 
of the roles of these three genes (LDHB, TRIM and RelA 
genes) in ASFV resistance in warthogs and the modification 
of these genes in domestic pigs may be vital for controlling 
ASFV.

Our study identified 48 SNPs that were moderately or 
strongly associated with ASFV infection status. The major-
ity of the loci, including rs340492327, were intronic; how-
ever, approximately one third of the SNP were intergenic 
(Supplemental Information Tables S3 and S4). In addition, 

pigs through selective breeding is currently lacking. Prog-
ress has been made using warthog genomes as a model 
for gene editing in domestic pigs, with resistance to ASFV 
resulting from gene deletions, gene family contraction, and 
gene family expansion (Feng et al. 2023). The presence of 
the lactate dehydrogenase B (LDGB) gene on chromosome 
5 in domestic pigs, but not on chromosome 2 in warthogs, is 
confirmed by genomic differences on chromosomes 2 and 5 
in warthogs and domestic pigs (Feng et al. 2023). Accord-
ing to Feng et al. (2023), the overexpression of LDHB in 
warthogs may be involved in preventing ASFV prolifera-
tion and the development of viral resistance. Interestingly, 
the tripartite motif-containing protein family (TRIM) genes, 
which are reported to be contracted in warthogs (Feng et al. 
2023), also seem to play vital roles in the immune response 
to pathogens (Reymond et al. 2001).

In experimentally ASFV-inoculated domestic pigs and 
warthogs, the TRIM family of genes expanded in the sus-
ceptible Duroc, but contracted in the warthog and Kenyan 
domestic pig breeds with reported ASFV resistance (Feng 
et al. 2023) and seemed to play a vital role in the immune 
response to pathogens (Reymond et al. 2001). According to 

Fig. 7  Relative contribution of 
Ugandan districts to the pseudo-
heritability estimate for African 
swine fever virus (ASFV) infec-
tion status generated using the 
full study population. Districts 
that are not significant contribu-
tors are represented by transpar-
ent bars

 

1 3

366  Page 12 of 16



Tropical Animal Health and Production (2024) 56:366

mentioned. Product names are mentioned solely to report factually on 
available data and to provide specific information.

Author contributions  Peter Ogweng, Vincent B. Muwanika, Antoi-
nette J. Piaggio and Charles Masembe conceptualized and designed 
the study; Peter Ogweng and Charles Masembe collected the samples; 
Courtney F. Bowden and Timothy J. Smyser analyzed the SNP data; 
all the authors drafted and critically revised the manuscript; Charles 
Masembe and Antoinette J. Piaggio obtained the funding. All of the 
authors have read and approved the final manuscript.

Funding  This study was supported by the African Union Commission, 
grant number AURG II-1–196–2016, and the U.S. Department of Ag-
riculture, Animal and Plant Health Inspection Service, Wildlife Ser-
vices, National Feral Swine Damage Management Program, and the 
National Wildlife Research Center. Charles Masembe and Antoinette 
J. Piaggio received funding from the African Union Commission and 
the U.S. Department of Agriculture, Animal and Plant Health Inspec-
tion Service, respectively.

Data availability  The datasets generated during and/or analyzed dur-
ing this study are available from the corresponding author upon rea-
sonable request.

several loci were classified as upstream or downstream 
gene variants. Twenty-eight putative candidate genes were 
associated with the 48 significant loci (Supplemental Infor-
mation Tables S3 and S4). This finding, in addition to the 
pseudo-heritability estimates, suggests that ASFV suscep-
tibility may be heritable among Ugandan pigs that survive 
ASF outbreaks. However, further research in ASFV endemic 
areas in Africa is needed to fully understand the heritability 
of ASFV susceptibility.

Supplementary Information  The online version contains 
supplementary material available at https://doi.org/10.1007/s11250-
024-04195-5.

Acknowledgements  The authors express gratitude to 19 District Vet-
erinary Officers, Moses Namutale and Raymond Ssekadde for their 
assistance during sample collection and to all the farmers who allowed 
the research team to collect samples from their pigs. We would like 
to thank Dr. Rachael Giglio, Dr. Ryan Miller, and Dr. Dorian Garrick 
for suggestions on the manuscript. The findings and conclusions in 
this publication are those of the authors and should not be construed 
to represent any official USDA or U.S. Government determination or 
policy. Mention of companies or commercial products does not imply 
recommendation or endorsement by USDA over others not mentioned. 
USDA neither guarantees nor warrants the standard of any product 

Fig. 8  Relative contribution of 
Ugandan districts to the pseudo-
heritability estimate for African 
swine fever virus (ASFV) 
infection status generated using 
the farm-level study population. 
Districts that are not significant 
contributors are represented by 
transparent bars

 

1 3

Page 13 of 16  366

https://doi.org/10.1007/s11250-024-04195-5
https://doi.org/10.1007/s11250-024-04195-5


Tropical Animal Health and Production (2024) 56:366

Babigumira BM, Sölkner J, Mészáros G, Pfeiffer C, Lewis CRG, 
Ouma E, Wurzinger M, Marshall K (2021) A Mix of Old British 
and modern European breeds: genomic prediction of Breed Com-
position of Smallholder pigs in Uganda. Front Genet 12:676047. 
https://doi.org/10.3389/fgene.2021.676047

Baldassaro M (2019). Sampler: Sample Design, Drawing & Data 
Analysis Using Data Frames. R package version 0.2.4

Barton K (2020) MuMIn: Multi-Model Inference. R package version 
1.43.17

Bishop SC, Woolliams JA (2010) On the genetic interpretation of dis-
ease data. PLoS ONE 5(1):e8940

Bishop SC, Woolliams JA (2014) Genomics and disease resistance 
studies in livestock. Livest Sci 166:190–198

Bishop SC, Doeschl-Wilson AB, Woolliams JA (2012) Uses and impli-
cations of field disease data for livestock genomic and genetics 
studies. Front Genet 3:114

Blench RM (2000) A history of pigs in Africa. In: The origins and 
development of African livestock: Archaeology, Genetics, Lin-
guistics and Ethnography (Ed. by R.M. Blench & K. Mac Don-
ald), (pp. 355–367), Routledge Books, London

Chang’a JS, Mayenga C, Settypalli TBK, Achenbach JE, Mwanandota 
JJ, Magidanga B, Lamien CE (2019) Symptomatic and asymp-
tomatic cases of African swine fever in Tanzania. Transbound 
Emerg Dis 66(6):2402–2410

Consortium WTCC (2007) Genome-wide association study of 14,000 
cases of seven common diseases and 3,000 shared controls. 
Nature 447:661

Costard S, Mur L, Lubroth J, Sanchez-Vizcaino JM, Pfeiffer DU 
(2013) Epidemiology of African swine fever virus. Virus Res 
173(1):191–197

Dione MM, Ouma EA, Roesel K, Kungu J, Lule P, Pezo D (2014) 
Participatory assessment of animal health and husbandry prac-
tices in smallholder pig production systems in three high poverty 
districts in Uganda. Prev Vetetrinary Med 117:565–576. https://
doi.org/10.1016/j.prevetmed.2014.10.012

Doherty PF, White GC, Burnham KP (2012) Comparison of model 
building and selection strategies. J Ornithol 152:317–323

Ehret GB (2010) Genome-wide association studies: contribution of 
genomics to understanding blood pressure and essential hyper-
tension. Curr Hypertens Rep 12:17–25

Feng W, Zhou L, Zhao P, Du H, Diao C, Zhang Y, Liu JF (2023) Com-
parative genomic analysis of warthog and Sus scrofa identifies 
adaptive genes associated with African swine fever. Biology 
12(7):1001

Gogarten SM, Sofer T, Chen H, Yu C, Brody JA, Thornton TA, Cono-
mos MP (2019) Genetic association testing using the GENESIS 
R/Bioconductor package. Bioinformatics 35(24):5346–5348

Greve D (2015) Analysis of performance, management practices 
and challenges to intensive pig farming in peri-urban Kam-
pala, Uganda. Int J Livest Prod 6:1–7. https://doi.org/10.5897/
ijlp2014.0223

Groenen MAM (2015), January Development of a high-density 
Axiom® porcine genotyping array to meet research and commer-
cial needs. In Plant and Animal Genome XXIII Conf. San Diego, 
CA, USA: Plant & Animal Genome XXIII Conference

Haresnape JM, Lungu SAM, Mamu FD (1987) An updated survey of 
African swine fever in Malawi. Epidemiol Infect 99(3):723–732

Henryon M, Berg P, Jensen J, Andersen S (2001) Genetic variation for 
resistance to clinical and subclinical diseases exists in growing 
pigs. Anim Sci 73(3):375–387

Henryon M, Berg P, Christensen G, Jensen J, Lund MS, Korsgaard 
IR (2003) Visual assessment of post-mortem lesions exhibits 
little additive genetic variation in growing pigs. Livest Prod Sci 
83(2–3):121–130

Islam MA, Rony SA, Rahman MB, Cinar MU, Villena J, Uddin 
MJ, Kitazawa H (2020) Improvement of disease resistance in 

Declarations

Ethics approval and consent to participate  The Ugandan National 
Council for Science and Technology approved the study under refer-
ence number A497. We also obtained consent from district veterinary 
officers and informed consent from farmers before sampling pigs from 
their districts and farms, respectively.

Conflict of interest  The authors declare no conflicts of interest.

Open Access   This article is licensed under a Creative Commons 
Attribution-NonCommercial-NoDerivatives 4.0 International License, 
which permits any non-commercial use, sharing, distribution and 
reproduction in any medium or format, as long as you give appropri-
ate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if you modified the licensed 
material. You do not have permission under this licence to share 
adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Cre-
ative Commons licence, unless indicated otherwise in a credit line to 
the material. If material is not included in the article’s Creative Com-
mons licence and your intended use is not permitted by statutory regu-
lation or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit 
http://creativecommons.org/licenses/by-nc-nd/4.0/.

References

Abworo EO, Onzere C, Oluoch Amimo J, Riitho V, Mwangi W, Davies 
J, Peter Bishop R (2017) Detection of African swine fever virus in 
the tissues of asymptomatic pigs in smallholder farming systems 
along the Kenya–Uganda border: implications for transmission in 
endemic areas and ASF surveillance in East Africa. J Gen Virol 
98(7):1806–1814

Alexander DH, Novembre J, Lange K (2009) Fast model-based 
estimation of ancestry in unrelated individuals. Genome Res 
19(9):1655–1664

Ambagala A, Goonewardene K, Lamboo L, Goolia M, Erdelyan C, 
Fisher M, Handel K, Lung O, Blome S, King J et al (2023) Char-
acterization of a Novel African Swine Fever Virus p72 genotype 
II from Nigeria. Viruses 2023,15:915. https://doi.org/10.3390/
v15040915

Amills M, Ramírez O, Galman-Omitogun O, Clop A (2013) Domestic 
pigs in Africa. Afr Archaeol Rev 30:73–82

Ampaire A (2011) Farmers’ experiences with rearing pigs, goats and 
chickens to improve household nutrition and income in kamuli, 
uganda. Ph.D. thesis, Ames: Iowa State University

Anderson EC, Hutchings GH, Mukarati N, Wilkinson PJ (1998) Afri-
can swine fever virus infection of the bushpig (Potamochoerus 
porcus) and its significance in the epidemiology of the disease. 
Veterinary Micro- biology 62:1–15. https://doi.org/10.1016/
s0378-1135(98)00187-4

Arias ML, Sanchez-Vizcaino JM (2002) African swine fever. In: Trends 
in Emerging Viral Infections of Swine. Iowa State University 
Press pp. 119–139. https://jcm.asm.org/content/jcm/41/9/4431.
full.pdf

Atuhaire DK, Afayoa M, Ochwo S, Mwesigwa S, Mwiine FN, Okuni 
JB, Ojok L (2013) Prevalence of African swine fever virus in 
apparently healthy domestic pigs in Uganda. BMC Vet Res 9:1–8

Aulchenko YS, Karssen LC (2015)  The GenABEL project devel-
opers. The GenABEL Tutorial.  Zenodo 137–166. https://doi.
org/10.5281/zenodo.19738

1 3

366  Page 14 of 16

https://doi.org/10.3389/fgene.2021.676047
https://doi.org/10.1016/j.prevetmed.2014.10.012
https://doi.org/10.1016/j.prevetmed.2014.10.012
https://doi.org/10.5897/ijlp2014.0223
https://doi.org/10.5897/ijlp2014.0223
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.3390/v15040915
https://doi.org/10.3390/v15040915
https://doi.org/10.1016/s0378-1135(98)00187-4
https://doi.org/10.1016/s0378-1135(98)00187-4
https://jcm.asm.org/content/jcm/41/9/4431.full.pdf
https://jcm.asm.org/content/jcm/41/9/4431.full.pdf
https://doi.org/10.5281/zenodo.19738
https://doi.org/10.5281/zenodo.19738


Tropical Animal Health and Production (2024) 56:366

Ouma E (2017) Overview of ILRI’s smallholder pig value chain 
reports in Hoima district. Presented at the stakeholders Meeting 
on Ugandan pigs, Hoima, Uganda. Nairobi, Kenya

Ouma EA, Dione MM, Lule PM, Pezo DA, Marshall K, Roesel K, 
Jagwe J (2015) Smallholder pig value chain assessment in 
Uganda: results from producer focus group discussions and key 
informant interviews. ILRI Project Report

Oura C, Powell P, Anderson E, Parkhouse R (1998) The pathogen-
esis of African swine fever in the resistant bushpig. J Gen Virol 
79(6):1439–1443

Palgrave CJ, Gilmour L, Lowden CS, Lillico SG, Mellencamp MA, 
Whitelaw CBA (2011) Species-specific variation in RELA under-
lies differences in NF-κB activity: a potential role in African 
swine fever pathogenesis. J Virol 85(12):6008–6014

Patrick BN, Machuka EM, Githae D, Banswe G, Amimo JO, Ongus 
JR, Pelle R (2020) Evidence for the presence of African swine 
fever virus in apparently healthy pigs in South-Kivu Province of 
the Democratic Republic of Congo. Vet Microbiol 240:108521

Penrith ML, Thomson GR, Bastos AD, Phiri OC, Lubisi BA, Du 
Plessis EC et al (2004) An investigation into natural resistance 
to African swine fever in domestic pigs from an endemic area 
in southern Africa. Revue Scientifique Technique 23:965–977. 
https://doi.org/10.20506/rst.23.3.1533

Penrith M-L, Bastos AD, Etter EMC, Beltrán-Alcrudo D (2019) 
Epidemiology of African swine fever in Africa today: sylvatic 
cycle versus socioeconomic imperatives. Transbound Emerg Dis 
66:672–686. https://doi.org/10.1111/tbed.13117

Penrith M-L, Bastos A, Chenais E (2021) With or without a vaccine—a 
review of complementary and alternative approaches to managing 
African swine fever in resource-constrained smallholder settings. 
Vaccines 9:116. https://doi.org/10.3390/vaccines9020116

Pikalo J, Zani L, Hühr J, Beer M, Blome S (2019) Pathogenesis of 
African swine fever in domestic pigs and European wild boar–
lessons learned from recent animal trials. Virus Res 271:197614

Pritchard JK, Stephens M, Donnelly P (2000) Inference of popu-
lation structure using multilocus genotype data. Genetics 
155(2):945–959

R Core Team (2021) R: a language and environment for statistical 
computing. R Foundation for Statistical Computin

Reymond A, Meroni G, Fantozzi A, Merla G, Cairo S, Luzi L, Ballabio 
A (2001) The tripartite motif family identifies cell compartments. 
EMBO J 20(9):2140–2151

Sahana G, Cai Z, Sanchez MP, Bouwman AC, Boichard D (2023) 
Invited review: good practices in genome-wide association stud-
ies to identify candidate sequence variants in dairy cattle. J Dairy 
Sci

Smyser TJ, Tabak MA, Slootmaker C, Robeson MS, Miller RS, Bosse 
M, Piaggio AJ (2020) Mixed ancestry from wild and domes-
tic lineages contributes to the rapid expansion of invasive feral 
swine. Mol Ecol 29(6):1103–1119

Stata Corp (2023) Stata Statistical Software: Release 18. Stata Corp 
LLC, College Station

Tatwangire A (2013) Successes and Failures of Institutional Innova-
tions to Improve Access to Services, Input and Output Markets 
for Smallholder Pig Production Systems and Value Chains in 
Uganda

Thomas LF, Bishop RP, Onzere C, Mcintosh MT, Lemire KA, de 
Glanville WA, Fèvre EM (2016) Evidence for the presence of 
African swine fever virus in an endemic region of Western Kenya 
in the absence of any reported outbreak. BMC Vet Res 12(1):1–10

Thomson GR (1985) The epidemiology of African swine fever: the role 
of free-living hosts in Africa. Onderstepoort J Vet Res 5:201–209

Thomson GR, Gainaru M, Van Dellen AF (1980) Experimental infec-
tion of warthog (Phacochoerus aethiopicus) with African swine 
fever virus. Onderstepoort J Vet Res 47:19–22

livestock: application of immunogenomics and CRISPR/Cas9 
technology. Animals 10(12):2236

Kang HM, Sul JH, Service SK, Zaitlen NA, Kong S-Y, Freimer NB, 
Sabatti C, Eskin E (2010) Variance component model to account 
for sample structure in genome-wide association studies. Nat 
Genet 42:348–354

Kukielka EA, Jori F, Martinez-Lopez B, Chenais E, Masembe C, 
Chavernac D, Stahl K (2016) Wild and domestic pig interactions 
at the wildlife–livestock interface of Murchison Falls National 
Park, Uganda, and the potential association with African swine 
fever outbreaks. Front Veterinary Sci 3:31

Lillico SG, Proudfoot C, King TJ, Tan W, Zhang L, Mardjuki R, 
Whitelaw CBA (2016) Mammalian interspecies substitution 
of immune modulatory alleles by genome editing. Sci Rep 
6(1):21645

Makowski D, Ben-Shachar MS, Lüdecke D (2019) bayestestR: 
describing effects and their uncertainty, existence and signifi-
cance within the bayesian Framework. J Open Source Softw 
4(40):1541. https://doi.org/10.21105/joss.01541

McCleary S, Strong R, McCarthy RR, Edwards JC, Howes EL, Ste-
vens LM, Crooke HR (2020) Substitution of warthog NF-κB 
motifs into RELA of domestic pigs is not sufficient to confer resil-
ience to African swine fever virus. Sci Rep 10(1):8951

Montgomery RE (1921) On a form of swine fever occurring in British 
East Africa (Kenya Colony). J Comp Pathol Ther 34(21):159–
191. https://doi.org/10.1016/S0368-1742

Muhangi D, Masembe C, Emanuelson U, Boqvist S, Mayega L, Ade-
mun RO, Ståhl K (2015) A longitudinal survey of African swine 
fever in Uganda reveals high apparent disease incidence rates in 
domestic pigs, but absence of detectable persistent virus infec-
tions in blood and serum. BMC Vet Res 11(1):1–11

Muhanguzi D, Lutwama V, Mwiine FN (2012) Factors that influence 
pig production in Central Uganda-Case. study of Nangabo Sub-
County, Wakiso district

Mujibi FD, Okoth E, Cheruiyot EK, Onzere C, Bishop RP, Fèvre EM 
et al (2018) Genetic diversity, breed composition and admixture 
of Kenyan domestic pigs. PLoS ONE 13(1):e0190080. https://
doi.org/10.1371/journal.pone.0190080

Mulumba-Mfumu LK, Saegerman C, Dixon LK, Madimba KC, 
Kazadi E, Mukalakata NT, Oura CAL, Chenais E, Masembe C, 
Stahl K, Thiry E, Penrith ML (2019) African swine fever: update 
on Eastern, Central and Southern Africa. Transbound Emerg Dis 
66(4):1462–1480

Netherton CL, Connell S, Benfield CT, Dixon LK (2019) The genetics 
of life and death: virus–host interactions underpinning resistance 
to African swine fever, a viral hemorrhagic disease. Front genet 
10:402

Noce A, Amills M, Manunza A, Muwanika V, Muhangi D, Aliro T 
et al (2015) East African pigs have a complex Indian, far east-
ern and western ancestry. Anim Genet 46:433–436. https://doi.
org/10.1111/age.12305

Nurmoja I, Petrov A, Breidenstein C, Zani L, Forth JH, Beer M, 
Kristian M, Viltrop A, Blome S (2017) Biological characteriza-
tion of African swine fever virus genotype II strains from north-
eastern Estonia in European wild boar. Transbound Emerg Dis 
64:2034–2041

Okoth E, Gallardo C, Macharia JM, Omore A, Pelayo V, Bulimo DW, 
Bishop RP (2013) Comparison of African swine fever virus prev-
alence and risk in two contrasting pig-farming systems in South–
West and Central Kenya. Prev Vet Med 110(2):198–205

Okwasiimire R, Kayaga EB, Ekakoro JE, Ndoboli D, Schumann K, 
Faburay B, Havas KA (2023) Spatiotemporal description of Afri-
can swine fever virus nucleic acid and antibodies detected in pigs 
sampled at abattoirs in the greater Kampala metropolitan area, 
Uganda from May 2021 through June 2022. Porcine Health Man-
age 9(1):51

1 3

Page 15 of 16  366

https://doi.org/10.20506/rst.23.3.1533
https://doi.org/10.1111/tbed.13117
https://doi.org/10.3390/vaccines9020116
https://doi.org/10.21105/joss.01541
https://doi.org/10.1016/S0368-1742
https://doi.org/10.1371/journal.pone.0190080
https://doi.org/10.1371/journal.pone.0190080
https://doi.org/10.1111/age.12305
https://doi.org/10.1111/age.12305


Tropical Animal Health and Production (2024) 56:366

pig genetics and genomics research. GigaScience 9(6):giaa051. 
https://doi.org/10.1093/gigascience/giaa051

Xu M, Guo L, Gu S, Wang O, Zhang R, Peters BA, Zhang Y (2020) 
TGS-GapCloser: a fast and accurate gap closer for large genomes 
with low coverage of error-prone long reads. GigaScience 
9(9):giaa094

Zondervan KT, Cardon LR (2007) Designing candidate genes and 
genome-wide case–control association studies. Nat Protoc 
2(10):2492–2501. https://doi.org/10.1038/nprot.2007.366

Publisher’s note  Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

Twine R, Njehu A (2020) Uganda smallholder pig value chain devel-
opment: situation analysis and trends

Uffelmann E, Huang QQ, Munung NS, De Vries J, Okada Y, Martin 
AR, Posthuma D (2021) Genome-wide association studies. Nat 
Reviews Methods Primers 1(1):59

Uttenthal Å, Braae UC, Ngowi HA, Rasmussen TB, Nielsen J, Johan-
sen MV (2013) ASFV in Tanzania: asymptomatic pigs harbor 
virus of molecular similarity to Georgia 2007. Vet Microbiol 
165(1–2):173–176

Visscher PM, Wray NR, Zhang Q, Sklar P, McCarthy MI, Brown MA, 
Yang J (2017) 10 years of GWAS discovery: biology, function, 
and translation. Am J Hum Genet 101(1):5–22

Warr A, Affara N, Aken B, Beiki H, Bickhart DM, Billis K et al 
(2020) An improved pig reference genome sequence to enable 

1 3

366  Page 16 of 16

https://doi.org/10.1093/gigascience/giaa051
https://doi.org/10.1038/nprot.2007.366

	﻿Ancestry and genome-wide association study of domestic pigs that survive African swine fever in Uganda
	﻿Abstract
	﻿Introduction
	﻿Materials and methods
	﻿Sample collection
	﻿DNA extraction and amplification
	﻿ASFV detection
	﻿Real-time polymerase chain reaction (RT‒PCR)
	﻿Conventional PCR
	﻿Blood direct


	﻿Statistical analysis of ASFV detection
	﻿Genotyping
	﻿Data curation
	﻿Ancestry analysis
	﻿Study populations
	﻿Full study population
	﻿Farm-level study population

	﻿Characterization of population structure
	﻿Single-locus genome-wide association studies
	﻿Model selection
	﻿EMMAX algorithm

	﻿Pseudo-heritability evaluation
	﻿Results


