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As the scale of deep whole-genome sequencing (WGS) data has grown exponentially, hundreds of millions of single nucle-
otide polymorphisms (SNPs) have been identified in livestock. Utilizing these massive SNP data in population stratification
analysis, ancestry prediction, and breed diversity assessments leads to overfitting issues in computational models and creates
computational bottlenecks. Therefore, selecting genetic variants that express high amounts of information for use in pop-
ulation diversity studies and ancestry inference becomes critically important. Here, we develop a method, HITSNP, that
combines feature selection and machine learning algorithms to select high-representative SNPs that can effectively estimate
breed diversity and infer ancestry. HITSNP outperforms existing feature selection methods in estimating accuracy and com-
putational stability. Furthermore, HITSNP offers a new algorithm to predict the number and composition of ancestral pop-
ulations using a small number of SNPs, and avoiding calculating the number of clusters. Taken together, HITSNP facilitates
the research of population structure, animal breeding, and animal resource protection.

[Supplemental material is available for this article.]

Of the estimated 2 million to 100 million species on Earth, approx-
imately 40 species have been domesticated for agricultural purpos-
es. Over the past 12,000 years, these species have evolved into
approximately 6000 to 7000 distinct animal breeds, adapted to
specific local environments and production systems, resulting in
abundant breed diversity (Scherf 2000). Especially after an initial
pulse during the early Holocene, animal domestication became in-
creasingly frequent, leading to the integration of numerous species
into human environments and economies (Larson and Fuller
2014). Nowadays, domestic animals play a crucial role in the daily
lives of millions of people, supporting the livelihoods of about
2 billion individuals worldwide, which accounts for one-third of
the global population (Eusebi et al. 2020). However, numerous do-
mestic animal breeds are endangered under the pressure of pure-
breds or crossbreds that meet the demand of changing farming
systems and breeding objectives (Reist-Marti et al. 2003). To adapt
to those challenges, many countries joined efforts to increase the
diverse range of animal genetic resources. Therefore, tools for effi-
cient and accurate discovery of the breed diversities of species and
ancestries of populations are needed.

Breed diversity can be evaluated through genetic or pheno-
typic analyses, each offering unique insights (Reist-Marti et al.
2003). Traditionally, genetic diversity assessments relied on pedi-
gree records (Caballero and Toro 2000). However, genealogical
records, although valuable, have limitations that hinder their ef-
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fectiveness in genetic diversity analysis, including incomplete ped-
igrees for many breeds, idealized assumptions about founders
being unrelated and carrying two different alleles, and variations
in genetic sharing among full siblings deviate from the theoretical
50% (Eusebi et al. 2020). In addition, confirming ancestries of pop-
ulations becomes challenging when pedigree data are missing, in-
complete, or inaccurate. Hence, with advancements in molecular
and sequencing technologies, the evaluation of the breed diversity
and ancestries of the population directly based on genomics has
gradually been used instead of statistical inferences based on ped-
igree information.

Various marker-based techniques are available for analyzing
the breed diversity and ancestries of populations (Yaro et al.
2017; Eusebi et al. 2020). Many studies compare and utilize differ-
ent types of marker techniques, including mitochondrial DNA
barcoding (mtDNA) (Guo et al. 2006), the Y-Chromosome tech-
nique (Bruford et al. 2003), minisatellite and microsatellite mark-
ers (Curkovi¢ et al. 2016), and single-nucleotide polymorphism
(SNP) (Coll et al. 2014; Yan et al. 2020). Especially for SNPs, com-
mon molecular markers in animals with uniform density are high
detection accuracy, stable inheritance, and the potential to target
functional regions, which usually are used for species genetic anal-
ysis, including population structure analyses, genetic diversity
evaluation, and ancestry estimation (Kennedy et al. 2003;
Zimmerman et al. 2020). Simultaneously, the latest advances in
SNP high-throughput arrays and WGS facilitate the SNPs applied
in the usual genetic analyses. However, compared with WGS,
SNP arrays were primarily designed for based on commercial
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breeds, resulting in potential ascertainment bias concerning local
breeds (Pérez-Enciso et al. 2015). Moreover, WGS contains infor-
mation not only on common mutations but also on rare variants
of distinct breeds, and its usage opens new possibilities for studies
on breed diversity and ancestry estimation (Toro et al. 2009).

At present, deep WGS facilitates SNP detection and indicates
that there are millions of SNPs in different species; for example, the
Human 1000 Genomes Project (1kGP) identified 111.05 million
SNPs in the 3202 human cohort (Byrska-Bishop et al. 2022).
However, in assessments of breed diversity and inference of popu-
lation ancestry, these vast amounts of variations, which either lack
predictive power for breeds or are redundant with each other, lead
to the curse of dimensionality similar to that seen in genome-wide
association studies (GWAS). Using these variations directly for as-
sessments significantly increases detection time and computation-
al complexity costs and may result in overfitting models on real
data (Pudjihartono et al. 2022). Hence, many approaches were de-
veloped to select a limited number of SNPs with high information-
al value from a large SNP cohort. These selected SNPs, referred to as
feature SNPs, effectively capture the breed diversity and serve as
useful tools for breed differentiation and ancestry inference. The
widely used selection methods in previous studies involve identi-
fying the most distinguishing features based on typical filtration,
such as the fixation index (Fsy) (Weir and Cockerham 1984), infor-
mativeness (I,) (Kosoy et al. 2009; Nassir et al. 2009), selective
sweep (SS) (Yan et al. 2020; Yang et al. 2022), and principal compo-
nent analysis (PCA) (Paschou et al. 2007, 2008). In addition, with
the development of machine learning, many different methods
have emerged in these genetic analyses. For instance, max-rele-
vance and min redundancy (MRMR) (Peng et al. 2005) based on
a filter algorithm and sequential forward selection (SFS) (Pudil
et al. 1994) based on a wrapper algorithm have been employed
to facilitate the construction of a feature library. These methods
help to efficiently and rapidly evaluate breed diversity and esti-
mate ancestry. However, these feature selection methods were pri-
marily established to select feature SNPs from SNP genotyping
array data (Zhao et al. 2023), and developing an effective method
for screening feature SNPs from high-coverage WGS is still
imperative.

Furthermore, the traditional ancestry inference methods are
mainly based on clustering algorithms, such as STRUCTURE
(Pritchard et al. 2000) and ADMIXTURE (Kosoy et al. 2009), and
conduct ancestry inference through an unsupervised analysis us-
ing a fixed number of clusters, K. To help researchers determine
the optimal K value, ADMIXTURE provides cross-validation error
for different K values (Alexander and Lange 2011). In contrast,
fastSTRUCTURE (Raj et al. 2014) utilizes two additional metrics,
the optimal model complexity and the number of nonempty mod-
el components, to obtain a reasonable range for K. Hence, multiple
values of K needed to be calculated when inferring the ancestries of
populations using these methods. This increases the consumption
of computational resources, especially with the large SNP data sets.
Therefore, it is worthwhile to exploit the ancestor estimation ap-
proach based on the prior information from the reference popula-
tion, which avoids calculating multiple K values.

Here, we propose an algorithmic framework, HITSNP, to
screen feature SNPs from deep WGS and evaluate its ability in
breed diversity estimation and ancestry inference. Utilizing feature
selection and machine learning methods, HITSNP effectively and
reliably screens feature SNPs representing breed diversity from
high-throughput data. Furthermore, we have outlined a pipeline
for predicting the number and composition of ancestors based

on a reference population and machine learning classifiers.
Finally, we used simulated and real data to demonstrate the perfor-
mance of HITSNP on feature SNP selection and ancestral predic-
tion analyses.

Results

Methodological overview of HITSNP and summary of results files

We have developed HITSNP, a software based on our feature selec-
tion framework (Methods) and machine learning techniques. The
software comprises three core modules: “feature SNP screening,”
“ancestry estimation,” and “minimum subset selection” (Fig. 1).
The “feature SNP screening” module screens and evaluates feature
SNPs using feature selection methods, which comprises three
methods: relief + reduce redundant (HITSNP-ReliefRR), max-rele-
vance and min-redundancy (HITSNP-MRMR) (Peng et al. 2005),
and cumulative classification ability (HITSNP-CCA) (Fig. 1A;
Zhao et al. 2019). The “ancestry estimation” module is mainly
used to train classifiers for ancestry prediction (Fig. 1B). Finally,
the “minimum subset selection” module searches for the mini-
mum SNP subset capable of distinguishing the breed of the pure-
bred population (Fig. 1C).

In the Results section, we first evaluated the performance of
the three modules, followed by a demonstration of HITSNP’s prac-
tical applications.

Pig data sets for evaluating the performance of HITSNP

Previous studies screening the feature SNPs with SNP chips and
low-coverage sequencing, these methods hardly captured the
rare and low-frequency variants that tend to be specific to a popu-
lation. Our tests showed that although sequencing coverage
increased, the number of detected SNPs gradually increased. How-
ever, when the coverage of sequencing >20x, the novel-identified
SNPs tend to reach trough (Supplemental Fig. S1; Supplemental
Methods). Simultaneously, compared with the SNP chip, the
deep-coverage sequencing detected hundreds to thousands of
times more SNPs, putting more pressure on algorithms in effective-
ly high-throughput screening feature SNPs. To comprehensively
evaluate the performance of HITSNP, we used a large cohort in
our study. This data set included high-coverage WGS (26.67x) of
1174 samples that were generated from our previous study (Du
et al. 2024b,c) and 216 individuals downloaded from the public
database (Supplemental Table S1). Using the standard GATK pipe-
line and after quality control (Methods), we detected 45.50 million
SNPs, among which 2.13 million were multiallelic. Annotation of
these SNPs revealed a total of 20.27 million variants within pig pro-
tein-coding genes (Ensembl Release 112). These included 443,354
exonic, 0.62 million untranslated regions (UTRs), 2418 splice var-
iants, and 19.20 million intronic variants (Supplemental Fig. S2).
Particularly focusing on variants within protein-coding exons,
we identified 174,162 nonsynonymous SNPs. Across all the SNPs
in this data set, 35.78% of the variants were rare variants (minor
allele frequency [MAF]<1%) (Supplemental Fig. S3). Notably,
36.27% of these detected SNPs were identified as novel, not previ-
ously reported in the dbSNP database (build 150) (Sherry et al.
2001). We found that each breed possesses a significant number
of unique loci, with the highest number observed in the Diannan
small-ear pig and the lowest in the Jiaxing Black pig (Supplemental
Fig. S4).

To confirm that this data set is suitable for assessing the per-
formance of HITSNP, we inferred the population structure of pigs
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Figure 1.

Overview of the HITSNP framework. (A) The functionality of the “feature SNP screening” module. This module takes genotype data and cor-

responding breed information of the samples as input. It outputs the selected feature SNPs and provides evaluation results of breed diversity based on the
feature SNPs. (B) The “ancestry estimation” module estimates the number of ancestral breeds and the specific ancestral breeds of the hybrid population.
Input*: The purebred and classifier | are derived from the “feature SNP screening” output. Simulated hybrids are generated based on the inputs of “feature
SNP screening” (purebred data). HITSNP extracts feature SNP information from the genotype data of purebreds and simulated hybrids, which are then
used as input for classifier I. (C) The “minimum subset selection” module selects the smallest possible feature SNPs set with the capability of breed discrim-
ination. Input**: HITSNP extracts the feature SNPs identified in “feature SNP screening” from the initial input, which are then used as input for the sequen-

tial forward selection (SFS) method.

by applying this data set. The t-distributed stochastic neighbor em-
bedding (t-SNE) map indicated that 60 pig populations could be
clearly distinguished (Supplemental Fig. S5A). Moreover, the ge-
netic composition showed that these populations could be divided
into two large categories, including Asian and European pigs, coin-
ciding with PCA results (Supplemental Fig. S5B). This concurred
with the previous report that European and Asian pigs diverged
around 1 million years ago (MYA) (Groenen et al. 2012).
Focusing on the Asian pigs, the Jeju Black pig diverged from the
other Chinese domestic pigs. The population structure of the
Chinese domestic pigs indicated that it was consistent with the
geographic distribution of different populations (Supplemental
Fig. S5C) and could divide these populations into four large
groups, including populations mainly resided in the north of
China (brown), south of China (purple), the center and east of
China (red), and south-west of China (green).

In total, this large-scale and complex data set could satisfy the
comprehensive evaluation of HITSNP.

The performance of HITSNP in feature SNP filtration

We compared the utility of the “feature SNP screening” module of
HITSNP with Fsr, 1y, SS, and PCA methods in feature SNP determi-
nation using 9,278,629 variants after linkage disequilibrium (LD)
pruning in the above 60 pig populations. We conducted a compar-
ative evaluation of our method and the other four methods from
two aspects: one is assessing how well the selected feature SNPs re-
flect breed diversity, and the other is evaluating the computational

stability of each method. We employed a modified Simpson diver-
sity index (D,,) and machine learning classifiers’ performance to
quantify the ability of selected feature SNPs in reflecting breed
diversity. The D,,, (Methods) is an assessment metric designed to
evaluate the ability of single-feature SNP to reflect breed richness.
A higher index indicated greater overall capability in representing
breed richness and breed differentiation. The performance of clas-
sifiers included accuracy, F1 score, and ROC-AUC. The computa-
tional stability of these methods was evaluated using the
following criteria: the Jaccard similarity coefficient between
cross-validation folds, as well as the standard deviations of the
D,, and classifier performance.

We first validated the effectiveness of HITSNP in selecting fea-
ture SNPs to reflect the breed diversity of a cohort compared with
the unfiltered SNPs. Two application scenarios, including low- and
high-density feature SNPs (about 1000 and about 30,000 SNPs),
were designed to conduct these comparisons. Because the perfor-
mance of the classifier can influence the evaluation of breed diver-
sity, we, respectively, selected the highest accuracy parameters for
five frequently used classifiers as classifier I of “feature SNP screen-
ing” module to ensure the fairness of comparison. The five classi-
fiers include fuzzy k-nearest neighbor (FKNN) with PCA applied to
the inputs (PCA-FKNN-I), support vector machine (SVM-I), logistic
regression (LR-I), bagging ensemble classifiers based on naive
Bayes (BagNB-I), and random forest (RF-I) (Supplemental Tables
S2, 83). The results showed that the average accuracy of unfiltered
SNPs for LR-I, RF-I, and BagNB-I was only 98.60% (Fig. 2A,B). The
LR-I and PCA-FKNN-I models were not trained because these
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Figure 2. Evaluation of feature SNP selection performance among HITSNP and four other filtration methods. (A) Accuracy of five classifiers based on
unfiltered SNP set and different feature SNP sets (about 1000 sites) selected by HITSNP and four other filtration methods. (B) Accuracy of five classifiers
based on unfiltered SNP set and different feature SNP sets (about 30,000 sites) selected by HITSNP and four other filtration methods. (C) Dy, results of
unfiltered SNP data set and feature SNP sets selected by HITSNP and four other filtration methods on about 1000 and about 30,000 SNP sites panels.
(D) Accuracy of different feature SNP sets selected by HITSNP and four other filtration methods on diverse gradients of SNP sets. (E) Dy, results of different
feature SNP sets selected by HITSNP and four other filtration methods on diverse gradients of SNP sets. (F) Jaccard similarity coefficient results of different
feature SNP sets selected by HITSNP and four other filtration methods on diverse sizes of SNP sets. (Panels D-F use the same figure legends; “the number of
feature SNPs” represents the average number of feature SNPs across five cross-validation folds for the same gradient of SNP sets.)

models were computationally impractical for this huge SNP data
set. The average accuracies of feature SNPs filtered by HITSNP on
low- and high-density sizes indicated no significant difference
compared with the unfiltered SNPs (P>0.05; t-test). In addition,
all panels obtained from HITSNP-CCA and the high-density panel
filtered by HITSNP-MRMR achieved higher average accuracy than
the unfiltered set, which suggested that the magnitude of SNPs in
the unfiltered set not only strained computational resources but
also negatively impacted classifier accuracy owing to redundant
SNPs. We noticed that feature SNP sets of all HITSNP methods
achieved a higher mean D,, than the unfiltered set (Fig. 2C). In
the unfiltered set, 48.67% of the SNPs had a D,, value of zero,
whereas this proportion was significantly decreased in the filtered
SNP set of HITSNP. Additionally, HITSNP selects a much more

informative feature SNP set than the other four methods on
both high- and low-density panels. For five classifiers, three meth-
ods of HITSNP and SS showed stably high accuracy on two differ-
ent density sizes (Fig. 2A,B). Nearly all the indices of filtered
feature SNP sets were higher than those of the unfiltered set, which
implied that most methods tend to select SNPs with higher values
of D,. Notably, HITSNP-MRMR and HITSNP-ReliefRR showed a
much higher D,, value than other methods (Fig. 2C).

To further explore the performance of HITSNP across diverse
panel densities, we compared it with four other methods in 12 gra-
dients ranging from about 60 to about 60,000 sites. For HITSNP, we
set the target number of feature SNPs per breed. Because of SNP
overlaps, the total SNP count is less than or equal to the target
multiplied by the number of breeds (Supplemental Methods;
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Supplemental Fig. S6). However, the other four methods utilized
closely matched total SNP counts for an equivalent performance
evaluation (Supplemental Table S4). The classifier accuracy,
ROC-AUC, F1 score, and D,, value generally decreased with the
number of feature SNPs decreasing, whereas the declining trends
varied across these methods (Fig. 2D-F; Supplemental Fig. S7).
HITSNP exhibited a relatively lower degree of decline across differ-
ent methods, maintaining an accuracy of approximately 0.8 even
when the number of SNPs was reduced to 60 (select one SNP per
breed) (Fig. 2D; Supplemental Table S4). With more than 1000
SNPs selected by these methods, the average accuracy of five clas-
sifiers reached stability, ranging from 97.07% to 99.24%. SS
achieved high accuracy comparable to HITSNP with more than
5000 SNPs but experienced a rapid decline as the number of
SNPs fell below 5000. As the number of SNPs decreased, the perfor-
mance of the PCA method surpassed SS but remained consistently
lower than that of HITSNP. More importantly, for different densi-
ties of feature SNP sets, HITSNP demonstrated a superior D,, value
compared with the other four methods, with HITSNP-MRMR and
HITSNP-ReliefRR being extraordinarily high (Fig. 2E). We noticed
that for the HITSNP-ReliefRR, the D,, value increased as the num-
ber of SNPs reduced. This pattern was also seen for the HITSNP-
CCA, in which the number of SNPs fell from 300 to 60.
Moreover, we found that HITSNP demonstrated superior perfor-
mance in evaluating breed diversity and exhibited excellent
stability. It was evident that the three methods under our algorith-
mic framework generally exhibited lower standard deviations in
both the D,, value and classifier performance, particularly at the
lower count of feature SNPs. In addition, the Jaccard similarity co-
efficient for HITSNP-CCA was the highest among the three meth-
ods within our algorithmic framework, indicating that HITSNP-
CCA maintains relatively high stability among methods in
HITSNP (Fig. 2F). The Jaccard similarity coefficient for Fsr and I,
showed a significant increase with the density of the SNP panels
rising (Fig. 2F). However, their performance in breed diversity sig-
nificantly lagged behind that of HITSNP and showed larger stan-
dard deviations than HITSNP. Overall, HITSNP revealed a stable
ability to screen feature SNPs from high-throughput data, accurate-
ly representing the breed diversity, especially for lower amounts of
feature SNDPs.

Ancestry inference of extant individuals

Based on the feature SNPs detected by the “feature SNP screening”
module, we further developed the “ancestry estimation” module
in the HITSNP, which can accurately predict the ancestral popula-
tions of an individual, especially for an admixed individual. To test
the performance of the “ancestry estimation” module, we simulat-
ed 13 crossbreeding systems (Supplemental Table S5), taking seven
distinct breeds (five Asian indigenous pig breeds and two European
commercial breeds) as ancestral breeds. We first utilized six simu-
lation populations with ancestral proportions of 1:1 and 1:1:2 to
represent hybrid populations, which were analyzed alongside
purebred populations as inputs for the module. PCA revealed a
clear differentiation between the simulated hybrid populations
and the populations of their ancestral breeds across the simulation
schemes 1-6 (Supplemental Fig. S8).

Our “ancestry estimation” module is constructed in two
steps: evaluating the number of ancestors and estimating the pro-
portions of ancestors. The first step inferred the number of ances-
tors based on the genotypes of the SNPs selected by the above
“feature SNP screening” module. From the five classifiers in classi-

fier I, LR-I, SVM-I, and RF-I were chosen to train classifier II, deter-
mining whether an individual has a single ancestor or multiple
ancestors. The second step involves selecting the breeds whose
predicted probabilities from LR-I are more than 0.05 as the cross-
breeds’ ancestries. With these predicted ancestries as the reference
population, users can further estimate the composition of ances-
tors through the supervised analysis of ADMIXTURE or other
software.

We evaluated the performance of the “ancestry estimation”
module based on the classifier I and feature SNPs (about 10,000
SNPs) created by the “feature SNP screening” module. The predict-
ed probability distributions of the three classifiers in classifier I had
high Jensen-Shannon distances (JSD) (Supplemental Methods) be-
tween purebreds and simulated crossbreeds (Supplemental Table
$6), indicating a clear differentiation in their predicted probability
distributions. Then, we compared the prediction performance of
four machine learning classifiers in classifier II, including decision
tree (DT-1I), SVM-II, LR-II, and RE-II (Fig. 3A). For the feature SNPs
selected from HITSNP-MRMR, the accuracy of all four methods ex-
ceeded 99.75%. RF-II performed best among the four methods in
evaluation, achieving an accuracy approaching 100.00%. The fea-
ture SNPs selected from HITSNP-ReliefRR performed inferior to the
other methods, with accuracy in classifier II ranging from 58.23%
to 82.03%. This might be because of the lower accuracy of classifier
I for HITSNP-RelifRR, which consequently impacted the perfor-
mance of classifier II.

To further explore the performance of the “ancestry estima-
tion” module on lower density panels, we assessed the classifier
II using about 1000 feature SNPs resulting from the “feature SNP
screening” module. With the reduced density of feature SNPs,
the accuracy of the four classifiers was relatively diminished com-
pared to those based on about 10,000 SNPs (Fig. 3B). The accuracy
for HITSNP-CCA and HITSNP-MRMR could remain >96.00%. We
also noticed that RF-II outperformed the other three classifiers in
classifier II on both the about 1000 and about 10,000 feature
SNP sets filtered by HITSNP.

To further assess the ability of the “ancestry estimation” mod-
ule to recognize the complex hybrid populations, we conducted
other seven simulation schemes with varying ancestry proportions
and multibreed hybrids. The results (Supplemental Fig. S9) re-
vealed that when the ancestry proportion of a breed exceeds
80%, classifier II tends to classify hybrid samples as purebred.
This indicated that populations with an extremely high propor-
tion of one ancestral breed are not suitable for determining the
number of ancestral populations using classifier II. However, for
hybrid populations derived from multiple breeds, HITSNP-
MRMR performed well across two panels, particularly with the
LR-II. This demonstrated that LR-II in classifier II is well suited
for determining the number of ancestral populations in scenarios
with multiple ancestral origins. By incorporating these additional
simulation scenarios, we have demonstrated the applicability of
classifier II in ancestry inference. Although the method performs
well in scenarios with balanced ancestry proportions, its predictive
accuracy decreases in cases with an extremely high ancestry pro-
portion of one breed or complex mixtures of multiple ancestral
breeds.

After identifying the purebred and crossbred, we also devel-
oped a pipeline to predict the ancestral breeds for the populations
with multiple ancestries. For the admixed populations recognized
by classifier II, the predictive results generated by classifier I were
utilized to estimate their ancestries. For the two different density
panels (about 1000 and about 10,000 SNPs), we compared the
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Figure 3. Classifier [l performance is based on the feature SNPs selected by HITSNP. (A) Accuracy, F1 score, and ROC-AUC of four classifiers in classifier Il
based on feature SNPs (about 1000 sites) selected by HITSNP. (B) Accuracy, F1 score, and ROC-AUC of four classifiers in classifier Il based on feature SNPs

(about 10,000 sites) selected by HITSNP.

custom “accuracy” (CMA) and “precision” (CMP) (Supplemental
Table S7; Supplemental Methods) of five classifiers in classifier I
for 0.01 and 0.0S filtering criteria. The CMA and CMP of LR-I
were both >97.00%, indicating its outstanding performance.
Under the LR-I classifier, the 0.05 criterion exhibited lower CMA
but higher CMP than the 0.01 criterion. To ensure accurate ances-
try inference for the population, we aimed to minimize the occur-
rence of false ancestors in the predicted results. Therefore, given
that both the 0.01 and 0.05 thresholds exhibit high CMA and
CMP across two different densities, we employed the LR-I method
with a 0.05 filtering criterion for predicting ancestral breeds.

Searching for the minimum feature SNP data set to accurately
predict purebred

To explore the smallest informative SNP combinations that still
maintained high effectiveness in purebred prediction, we com-
pared the performance of two algorithms, SFS and recursive feature
elimination (RFE). These two methods were wrapper methods that
screen SNPs to meet the requirements for fewer SNPs. SES utilizes a
greedy algorithm to iteratively select SNPs from an empty set until
the number of SNPs meets the predefined size. The RFE method ob-
tains the desired subset by removing unimportant SNPs. Notably,
RFE would be stopped when removing SNPs if the performance of
the classifier no longer improves.

To assess the effectiveness of RFE in identifying a minimum
feature SNP data set, we conducted minimum subset selection un-
der RFE strategy combined with LR-III, SVM-III, and RF-III of clas-
sifier III. Because the feature SNP sets selected by PCA and three
methods in HITSNP exhibited high accuracy on the around 1000
site panel, these sets were used as the initial set for minimum sub-
set selection. We established four gradients for the number of fea-
ture SNPs (100, 200, 400, and 600, referred to as the set number) to
explore the minimum subset. The RFE results indicated that with a
lower set number (Fig. 4A; Supplemental Fig. $10), it struggled to
reduce the number of feature SNPs to meet our target. Therefore,
we compared the true number of SNPs in the resulting subset ob-

tained by each combination, evaluating them based on test set ac-
curacy (Supplemental Fig. S10) and cross-validation accuracy
(Supplemental Table S8). Among the three classifiers, LR-III and
SVM-III were able to reduce the number of SNPs closer to the set
number while maintaining high accuracy Supplemental Fig.
S10). In contrast, RFE combined with RF-III failed to further reduce
the SNP count or achieve a smaller subset with relatively lower ac-
curacy. The results showed that with the feature SNPs selected by
HITSNP-CCA, RFE combined with the SVM-III method could re-
duce the number of SNPs to the lowest count (370 SNPs), achiev-
ing a test set accuracy of 98.92% and a cross-validation accuracy
of 99.64%.

Similarly, we evaluated the performance of SFS using the
same approach. We conducted a comparative analysis of 25 com-
binations (by pairing five feature selection methods with five clas-
sifiers) employing the SFS strategy. The classifiers used in classifier
III included k-nearest neighbor (KNN-III), BagNB-III, SVM-III, LR-
III, and RF-III. SES consistently achieved the target number of fea-
ture SNPs across all gradients. Except for the initial set derived from
PCA, the accuracy of other results increased with the size of the
minimum subset increasing (Fig. 4B). At higher set numbers (400
or 600), LR-III and SVM-III selected the minimum subset with
higher accuracy, whereas at lower set numbers, BagNB-III demon-
strated stable and higher accuracy across three HITSNP methods.
Among the lowest set numbers, the most effective combination
was HITSNP-CCA and BagNB-III, achieving a test set accuracy of
93.53%. When the set number was 200, the combination of
HITSNP-CCA and BagNB-III exhibited the highest generalization
performance, and the test set accuracy reached 98.56%. Overall,
when aiming to minimize the limited number of SNPs, the SFS
strategy remains a suitable choice for balancing accuracy and
SNP count, as RFE cannot guarantee a reduction to a predefined
target number. Regarding the evaluation of D,,,, the minimal sub-
sets selected by SFS generally exhibit higher D,, values compared
with RFE, further demonstrating that SFS is more suitable for
identifying minimum subsets of a predefined size (Supplemental
Fig. S11; Supplemental Table S9).
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Considering the results of both SFS and RFE strategies, the SFS
approach is more suitable for identifying minimal feature SNP
subsets. Specifically, the combination of the HITSNP-CCA feature
selection method and BagNB-III classifier suggested more applica-
tion advantages under the SFS strategy in our data set.

Performance evaluation of screened feature SNPs obtained
from HITSNP using real genomes

To evaluate whether HITSNP can effec-
tively select feature SNPs applied for
breed inference and breed differentia-

tion, we additionally conducted a test us- A 100

the low- and high-density feature SNP
set from the “feature SNP screening”
module (Supplemental Table S11). The
200 SNPs panel accuracies of SVM-],
LR-I, and BagNB-I were 93.85%, and the
majority of misclassifications occurred predominantly in the
Tibetan pig breed.

A web-based tool of feature SNPs and their functions in pigs

We have developed a web-based tool, BSP (https://1kcigp.com/
BSP), to facilitate ready access to the feature SNPs of our pig data
set with 60 breeds. More importantly, the tool integrates our meth-
ods and the screened feature SNPs, which allows researchers to

HITSNP-ReliefRR [l HITSNP-CCA [l HITSNP-MRMR

B 100

ing 65 purebred individuals and 19
hybrid individuals from the public data
set not contained in our data set
(Supplemental Table $10).

To validate the ability of HITSNP in
estimating the number of ancestral
breeds, we compared the performance
of classifier II on around 1000 and
around 10,000 panels using 84 test indi-
viduals. With classifier II constructed
from around 10,000 feature SNPs, the ac-
curacy of RF-II achieved 92.86%, in
which the misclassification rate of hy-
brids was relatively higher than that of
purebreds (Fig. 5A). The accuracies of
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Figure 5. Classifier Il accuracy results of the feature SNPs selected by HITSNP for 89 public pig ge-
nomes. (A) Four classifiers” accuracy in classifier Il of the feature SNPs selected by HITSNP on the around
1000 panel. (B) Four classifiers” accuracy in classifier Il of the feature SNPs selected by HITSNP on the
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estimate the ancestries of their sequenced pigs. This web tool could
benefit pig research, breeding communities, and breed
conservation.

HITSNP applicability to plants

We have included a melon data set (Wang et al. 2021) to validate
the effectiveness of HITSNP in selecting feature SNPs for plants.
Compared with the pig data set, the accuracy of classifier I on
the melon data set was lower but still remained at ~90%
(Supplemental Fig. S12). Notably, the PCA-FKNN-I and RF-I out-
performed the other classifiers on average in the melon data set,
which were not the best classifiers in the pig data set. The success-
ful application of HITSNP on the melon data set demonstrates its
broad applicability to both diploid animals and plants with multi-
ple breeds or varieties.

Discussion

In this study, we introduced HITSNP, a stable, effective, and auto-
mated tool for screening feature SNPs representing breed diversity
from high-throughput data. Compared with four common filter
methods, the feature SNPs selected by HITSNP algorithms provid-
ed a precise description of breed diversity with high stability, par-
ticularly when filtered to low-density feature SNP set. Additionally,
we offered a practical pipeline for ancestry inference based on the
limited number of feature SNPs. This approach provides prior in-
formation on ancestry composition for the supervised analysis,
such as ADMIXTURE, thus avoiding the challenges of determining
the optimal K value.

Traditionally, the methods used in feature SNP screening only
consider the breed information or SNP-redundancy; however, the
HITSNP framework algorithms balance them well and can effi-
ciently filter feature SNPs, resulting in improved classifier perfor-
mance and higher D,, values for feature SNP sets across different
densities. For instance, compared with the Fsr, I,,, and SS methods,
which select ranked SNPs relying on breed information, the
HITSNP methods consider breed information and evaluate
SNP-redundancy through mutual information. Thus, HITSNP
can effectively remove the potentially redundant feature SNPs. Ad-
ditionally, compared with Fs and I,,, HITSNP exhibits a lower Jac-
card similarity coefficient across different cross-validations. The
Jaccard similarity coefficient for HITSNP is likely influenced pri-
marily by its selection strategy and the degree of sample overlap
(Supplemental Methods; Supplemental Fig. S13). Although there
are differences in feature SNPs across CVs, the ability of the feature
SNP sets screened by HITSNP for population classification remains
consistently high across most panel sizes. The PCA method relies
on the information of the top principal components (PCs) rather
than the breed information of the reference population. Conse-
quently, PCA performs better than Fsr, I, and SS methods at low
density. However, its performance is inferior to that of HITSNP un-
der almost all panel density gradients tested in this study.

In addition to evaluating the entire feature SNPs set in repre-
senting breed diversity, we explore the ability of individual SNPs
using a customized metric, D,,. Owing to the use of biallelic vari-
ants, the individual SNP has an exceedingly low index value
when distinguishing among 60 breeds. However, because the com-
parisons were conducted on the same breed scale, the index can
still effectively reflect the breed diversity of individual SNPs.
Moreover, HITSNP-ReliefRR and HITSNP-MRMR demonstrated
relatively high mean D,, values, further supporting the effective-

ness of HITSNP in screening feature SNPs representing breed
diversity.

The three algorithms within our framework also differ:
HITSNP-ReliefRR and HITSNP-CCA optimize breed information
and SNP-redundancy simultaneously by calculating the cumula-
tive value of the product, whereas HITSNP-MRMR calculates sub-
traction. The accuracies of HITSNP-CCA and HITSNP-MRMR
were both high, indicating that the two optimized methods might
not significantly affect the feature SNP screening capability.
HITSNP-ReliefRR has slightly lower accuracy than the other
HITSNP methods, possibly because it selects feature SNPs
based on prefiltered SNPs by SS rather than the complete set of un-
filtered data.

Research on ancestry inference is typically applied in popula-
tion stratification in GWAS analysis and scientific fields such as
population history, medical research, and forensics (Halder et al.
2012; Elhaik et al. 2014; Suarez-Pajes et al. 2021; Alladio et al.
2022). Current ancestry inference methods rarely have the direct
functionality to accurately distinguish purebreds and hybrids,
which is a critical concern in plant and animal breeding. We
have developed a method that directly distinguishes purebreds
and hybrids using a machine learning classifier based on their dis-
tribution differences in prediction probabilities. This functionality
is achieved by classifier II, which is trained based on the prediction
results of classifier I in HITSNP. Therefore, the accuracy of classifier
I is extremely important in accurately inferring the number of an-
cestral breeds. This importance was demonstrated by the different
performances of classifier II that was trained on results derived
from HITSNP-CCA, HITSNP-MRMR, and HITSNP-ReliefRR. In ad-
dition to estimating purebreds and hybrids, we also developed a
practical ancestry inference pipeline for hybrids based on the re-
sults of classifier I, which provides prior information for setting
the K value. Determining the optimal K based on the cross-valida-
tion error from ADMIXTURE can be distorted by hierarchical pop-
ulation stratification or uneven sample sizes (Puechmaille 2016;
Janes et al. 2017). In contrast, HITSNP infers the ancestral breeds
through individual-level classifier predictions, achieving robust
ancestry prediction that is unaffected by population size or popu-
lation stratification. This advantage suggests HITSNP may outper-
form ADMIXTURE in scenarios in which there is limited or no
prior knowledge about the population for which ancestry infer-
ence is required (Supplemental Methods; Supplemental Fig. S14).
Although some methods (Zhang et al. 2008; Chen et al. 2013;
Bansal and Libiger 2015), such as SNPweights and iAdmix, can es-
timate ancestry without determining an optimal K value by relying
on the information of the reference population, they are suitable
for high-density or whole-genome data. In contrast, the pipeline
of HITSNP can achieve ancestry inference using a limited number
of SNPs obtained from the “feature SNP screening” module.

In summary, HITSNP is a practical and effective tool for ex-
tracting feature SNPs, which also provides prior information for
ancestry inference based on reference population data. We consid-
er that this tool will be useful in understanding the role of SNPs in
evaluating breed diversity and contributing to different breed
formations.

Methods
HITSNP algorithm

HITSNP is mainly based on machine learning techniques and a fea-
ture selection framework that combines breed information and
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SNP-redundancy. Its inputs include a quality-controlled biallelic
SNP data set and the breeding information of its corresponding
sample cohort. The tool consists of three core modules. First, the
“feature SNP screening” module utilizes the feature selection
framework to identify a subset of feature SNPs from the input
data. This module finally provides a data set of feature SNPs, com-
bined with the assessment results of feature SNPs on breed diver-
sity. Second, the “ancestry estimation” module is mainly based
on the “feature SNP screening” result, which generates simulated
data for hybrid populations and trains classifiers for ancestry pre-
diction. It outputs each trained classifier along with its perfor-
mance. Third, the “minimum subset selection” module also
depends on the above feature SNPs and searches the minimum
SNP subset that can distinguish the breed of the purebred popula-
tion while meeting the specified requirements on the number of
SNPs. The detailed algorithms underlying these modules are de-
scribed in the following sections.

Feature SNP selection module

We have developed a feature selection framework for high-
throughput screening feature SNP based on the filter method in
this module. This framework consists of two main indicators:
breed diversity capability of a single-feature SNP and redundancy
between two feature SNPs. This module provides three distinct
methods to separately select feature SNPs, including a modified re-
lief method (HITSNP-ReliefRR) in this study, HITSNP-CCA, and
HITSNP-MRMR method. The latter two methods were constructed
based on standard CCA and MRMR algorithms, respectively.

Based on the relief method, the HITSNP-ReliefRR algorithm
additionally employs an incremental search strategy to identify
the optimal subset of features. This selection process is guided by
weights and mutual information derived from the relief algorithm
(Urbanowicz et al. 2018). A one-vs-the-rest (OvR) multiclass strat-
egy was adopted, and the top SNPs selected at each iteration were
merged into the final SNP panel.

The HITSNP-ReliefRR methodology employed in this study
consists of the following two procedures. First, the Relief method
was applied to calculate the weight values of each feature SNP.
The initial weight value is set to zero. A random selection of target
Ri(ie{1,2,...,m}) is made. By finding the nearest hit (H, the nearest
sample of the same class) and the nearest miss (M, the nearest sam-
ple of a different class) for the target R; sample, the weight of each
feature is calculated using the following formula:

diff(A, Ry, H) | diff(A, Ry, M)
- ,

WIA] = W[A] — -

M

where W[A] means the weight of feature “A,” and diff means differ-
ences observed between the target sample R; and neighboring
instances of R; (H or M) on the feature “A” (Supplemental
Methods). m refers to the number of nearest neighbors that are
considered when calculating the feature weights. In HITSNP, we
default to setting m as six.

Then, we further selected the feature SNPs through incremen-
tal learning combined with mutual information. The feature selec-
tion process in the HITSNP-ReliefRR method starts with an empty
set and incrementally selects features. The feature with the highest
weight W[A] will be selected as the first feature SNP, and the
classification capability R(S;) is set to this highest weight. For sub-
set §j_1, which represents a collection of j—1 selected feature SNPs,
the jth feature SNP “A;” is chosen from the remaining set to max-
imize the classification capability R(S;) of the subset S;. The value of
R(S;) is calculated as follows:

R(S)) =R(Sj-1) + (1 — maxieyy,.,j-1yNIa,a ) W(A)), ()]

where R(S;) is the feature’s classification capability of the subset S;,
W(A;) means the weight of feature “A;.” Ny, is the standardized
mutual information (NMI) between A; and A; (Supplemental
Methods).

The HITSNP-CCA and HITSNP-MRMR methods (Supplemen-
tal Methods) adopted different criteria to choose the feature SNPs
in this module. By maximizing cumulative classification ability,
the HITSNP-CCA algorithm could enhance the estimation accura-
cy of breeds differentiation and determine breed attribution and
then minimize the number of SNPs based on normalized mutual
information. The HITSNP-MRMR algorithm relies on the mean
value of mutual information across all feature SNPs and breed la-
bels for feature selection. Combining the above criterion, it utilizes
the average mutual information between pairs of feature SNPs to
reduce redundancy.

Ancestry estimation module

We propose an intuitive approach for ancestry prediction based on
the prediction probability distribution characteristics of machine
learning classifiers derived from the “feature SNP screening” mod-
ule. Using the same data set employed in the “feature SNP screen-
ing” module, HITSNP simulates hybrid populations based on a
previously reported method (Pardo-Seco et al. 2014). In brief,
HITSNP randomly mixes haplotypes from the hypothetical ances-
tral populations and their corresponding proportions to generate a
new hybrid population. This process is repeated 100 times to create
a large enough population that satisfies the following classifier
training. The input data set supplied to this module and the result-
ing simulated hybrid population were divided into two types la-
beled as “purebreds” data and “simulated crossbreeds” data.
Then, it extracts the feature SNPs from “purebreds” and “simulated
crossbreeds” data to train the multiple classifiers in classifier II to
recognize these two different labels. These data were split into
7:3 train set and test set. Three classifiers in classifier I, including
LR-I, SVM-], and RF-], take the train set as input and transfer the
top six prediction probabilities of each classifier to train classifier
II. Finally, the performance of four classifiers II (SVM-II, DT-II,
LR-II, RF-II) in purebred and crossbreed prediction will be evaluat-
ed. Additionally, for crossbreeds, the certain breed with its proba-
bility of classifier I (LR-I) greater than 0.05 will be considered as the
ancestor of the crossbred.

Minimum subset selection module

To minimize the number of feature SNPs, we employed a wrapped
feature selection method known as SFS in this module, with the ac-
curacy of the classifier serving as the evaluation criterion. The SFS
algorithm initiates with an empty set and gradually selects feature
SNPs based on the evaluation criterion until it reaches the ex-
pected number of feature SNPs or until there is no further improve-
ment in model accuracy. In HITSNP, SFS was conducted combined
with the BagNB-III classifier. Subsequently, HITSNP utilizes cross-
validation and test set accuracy to evaluate the performance of the
minimal subset screening strategy and the generalization perfor-
mance of the optimal subset derived from these five strategies.

Assessment metrics

To evaluate the performance of HITSNP in screening feature SNPs,
which can accurately assess the breed diversity, we adopt two eval-
uation dimensions: a customized metric (D,,) based on the
Simpson diversity index and Fsy value, and the performance of
the machine learning classifier. The D,,, value was applied to eval-
uate the single-feature SNP’s capacity to differentiate breeds and re-
flect breed richness. The metric calculation is based on the Fgr
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values calculated between each breed and populations outside that
breed.

The SNP is considered inadequate for distinguishing breeds
with corresponding Fsr values below a predefined low threshold
(one). Contrarily, Fst values exceeding a high threshold (h) were
regarded as facilitating the distinguishment of those pairwise
breeds, and the SNP received a reward coefficient in the D,,. The
D,, is represented with the following formula:

> Fsr, n(n — 1)
o (1 TN(NZ 1)> Fsr>h

n(n —1) .
h(l - m) otherwise

D, = 3)

where N was the total number of breeds, and n, represents the
number of Fsr values below one. The term 7?\;2;1 : 11)) will assign a
lower score to SNP with a higher number of Fsy values below
one. ny means the number of the Fgr values higher than h; Fsr,
means the exact value of Fsr, which is higher than h. We compared
the D,,, with other calculation methods, such as the mean of Fsr,
demonstrating that D,, more effectively assigns higher scores to
SNPs that can accurately distinguish a greater number of breeds
from the reference population. This ensures D,, provides a more
precise representation of breed richness as reflected by individual
SNPs (Supplemental Methods; Supplemental Fig. S15). In addition
to independently assessing the performance of each SNP using the
D,,, the mean D,, value of the feature SNP data set was calculated
as a metric to assess their capability in breed classification.

In addition, we train machine learning classifiers based on
the feature SNPs and evaluate the effectiveness of the feature
SNPs through the classifier’s performance. When evaluating the
classifiers, we ensured a high level of accuracy while balancing
the F1 score and ROC-AUC. This comprehensive evaluation allows
us to assess the effectiveness of the feature SNP subsets.

The pig SNP data set used for training and testing the HITSNP

A diverse panel of 1174 pigs from 47 different breeds was se-
quenced in our previous study (Supplemental Table S1; Du et al.
2024a,b). These samples were sequenced by the MGISEQ-2000
platform (MGI) with 150 bp paired-end reads. The sequencing
samples in this study had a mean coverage of ~26.67x.
Additionally, the genome data of 216 individuals was downloaded
from the public database, comprising 13 nonrepetitive distinct
breeds (Supplemental Table S1).

The raw reads of all samples were initially filtered and
trimmed using Trim Galore! (v0.6.1) (Martin 2011). Subsequently,
all cleaned reads from each individual were aligned to the
Sscrofall.l reference genome using the Burrows—Wheeler aligner
(BWA; v0.7.17-r1188) (Li and Durbin 2009). Duplicated reads
were removed, and the alignment results were sorted using the ge-
nome analysis toolkit (GATK; v4.0.12.0) (DePristo et al. 2011) and
SAMtools (v1.9) (Li et al. 2009). SNPs were identified and filtered
using GATK with the following criteria: (1) variant confidence/un-
filtered depth of nonreference samples (QD)>2.0; (2) RMS map-
ping quality (MQ) >40.0; (3) Phred-scaled P-value using Fisher’s
exact test to detect strand bias in the reads (FS) < 60.0; (4) strand
bias estimated by the symmetric odds ratio test (SOR)<3.0; (5)
the p-based Z-approximation from the Mann-Whitney U test for
mapping qualities (MQRankSum)>-12.5; (6) the p-based Z-ap-
proximation from the Mann-Whitney U test for the distance
from the end of the read for reads with the alternate allele (Read-
PosRankSum) > —8.0; (7) and no more than three SNPs clustered
in a 10 bp window.

These high-quality 45.50 million SNPs were further filtered,
and the SNPs with genotyping rates smaller than 0.99 and MAF
smaller than 0.01 were removed by PLINK (v1.9) (Purcell et al.
2007). The SNPs were pruned using PLINK with the parameters
“--indep-pairwise 50 10 0.9”. After that, the remaining SNPs were
used to evaluate HITSNP and other breed diversity and ancestry es-
timation methods. The PCA and t-SNE (van der Maaten and
Hinton 2008) were used to visualize the genetic distance of indig-
enous and foreign pig breeds.

Evaluation of HITSNP using pig SNP data

After LD pruning, the remaining biallelic variants in the pig SNP
data set were formatted into zero, one, and two representations.
These data were further used to evaluate the performance of three
modules in HITSNP and compare them with other widely used
methods. Because of the computational complexity and consider-
able time associated with Relief in managing a vast number of
SNPs, a preliminary prefiltering step is undertaken before applying
HITSNP-ReliefRR. Based on the Fsr and nucleotide diversity (8,) ra-
tio, the prefiltering process selected approximately 380,000 feature
SNPs as input for the HITSNP-ReliefRR. 6, values were calculated
using a 10 kb sliding window. The 6, ratio was determined as the
log, of the quotient between the 6, values of two breeds. The top
0.5% of windows from both tails of the 6, ratio distribution were
selected across all breed pairs. Additionally, the top 0.5% of the
Fsr values within the selected windows would be the result of pre-
filtering process, with Fsr values calculated using VCFtools
(Danecek et al. 2011) for each breed pair.

To evaluate the performance of our feature selection frame-
work, we also used four popular feature selection methods (Fsr, In,
SS, and PCA methods) compared with our method. The Fsy method
selected feature SNPs by ranking the mean Fsr values calculated by
VCFtools for 60 breeds. Informativeness for the I,, method was cal-
culated using a previously described method (Rosenberg et al.
2003). The PCA method ranked and selected feature SNPs by assign-
ing weights based on their contribution to the explained variance
from the top 100 PCs. The SS method applied the same procedure
as the filtering process described above. We conducted a compari-
son of the feature SNPs yielded by HITSNP (utilizing three different
algorithms) and the other four filtration methods across two dis-
tinct SNP subset sizes: around 1000 and around 30,000. We also
compared their performance to the unfiltered SNP data set.
Subsequently, we compared the breed diversity of feature SNPs
and the stability of the above filtration methods across different
panel densities. The comparison was mainly based on the following
aspects: the ability of feature SNPs to represent breed diversity and
the stability of filtration methods. D,, and the machine learning
classifiers’ performance were used to quantify the breed diversity
of feature SNPs. Additionally, the standard deviations of these met-
rics and the Jaccard similarity coefficient between cross-validation
folds were utilized to evaluate the stability of filtering methods.

For ancestry inference, we designed a series of simulations to
evaluate the performance of HITSNP. The selection of simulated
ancestors primarily considered three factors: the number of ances-
tors, genetic distance, and expected ancestry proportion. Thirteen
hybrid scenarios (Supplemental Table S5) were simulated, with the
Bama Xiang pig, Jiaxing Black pig, Dapulian pig, Yorkshire, Land-
race, and Duroc selected as ancestral breeds, each generating 2000
offspring per program. We employed two indexes, CMA and CMP,
to examine whether ancestral breeds could be identified based on
the classifier’'s estimated prediction probability (Supplemental
Methods).

We divided the “purebreds” data and the “simulated cross-
breeds” data into 70% training sets and 30% test sets to train
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suitable machine learning classifiers (classifier II) and compared
their performance. We used the results from the “feature SNP
screening” module, based on the around 1000 and around
10,000 feature SNPs, as inputs for training classifier II.

To investigate the minimal informative SNP combinations
that are highly effective in predicting purebreds, we scanned opti-
mal feature subsets using wrapped feature selection methods based
on around 1000 SNPs, with the classifier’s accuracy serving as the
evaluation criterion. A random cross-validation set was chosen for
testing, combining two wrapper feature search strategies, SFS and
REE. Two strategies were evaluated under the same target SNP set
sizes (100, 200, 400, 600). SFS was combined with five machine-
learning classifiers (KNN-III, BagNB-III, SVM-III, LR-III, RF-III).
Because RFE requires the weight of input features, only SVM-III,
LR-III, and RF-III classifiers were utilized to assess the performance
of the subsets. The accuracy of combined classifiers and the D,, val-
ue were used to evaluate the performance of the minimum subset.

Real-data test for the screened feature SNPs from the
pig data set

Real-data testing involved sequencing data from 65 purebred sam-
ples representing seven breeds and 19 hybrid samples derived from
five crossbreeding combinations. The sequencing data of these 84
individuals were downloaded from the public data set (Supple-
mental Table S9). This assessment aimed to evaluate the efficiency
of feature SNPs and classifiers in breed diversity and ancestry infer-
ence (Supplemental Methods). In this study, we employed the Bea-
gle (v5.2) (Browning et al. 2018) to impute the test samples using
our population as the reference group to reduce the impact of miss-
ing SNP. Feature SNPs were then extracted from the imputed data,
and their genotypes were unified with the minor alleles across the
reference population before being converted to zero, one, and two.
Subsequently, the data were fed into the machine learning classi-
fier, and we assessed the discriminatory power of these models in
distinguishing between purebred and hybrid populations (classifi-
er II) and in the breed inference of purebred (classifier I).

Evaluation of HITSNP using melon SNP data

We utilized a genotyping-by-sequencing (GBS) data set
(Wang et al. 2021) comprising 2081 melon samples from two ma-
jor subspecies: thick-skinned melon (ssp. melo) and thin-skinned
melon (ssp. agrestis). The GBS data were downloaded from Cucur-
bit Genomics (http://cucurbitgenomics.org/ftp/GBS_SNP/melon/
raw_GBS_data/). The SNPs were filtered using PLINK based on
the following criteria: (1) MAF>0.01 and (2) missing rate <0.0S.
After filtering, 34,787 SNPs were retained and used for feature
SNP selection with HITSNP to distinguish melon subspecies. We
evaluated the screening results using five classifiers in classifier
1. Additionally, we visualized the genetic distribution of the two
subspecies using PCA and t-SNE plots.

Data access

The SNP data generated in this study have been submitted to Zen-
odo (https://doi.org/10.5281/zenodo.13785208). HITSNP is avail-
able at GitHub (https://github.com/CAU-TeamLiuJF/HITSNP)
and as Supplemental Code.
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