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Abstract 

State-of-the-art methods for inferring individual-level genetic ancestry are based on statistical models for haplot ype dat a. Unfortunately, these 
methods are computationally demanding, making them impractical for biobank-scale analyses. In this paper, we describe KANN, an efficient 
k-nearest neighbor regression method for individual-level ancestry estimation with respect to predefined source populations using only principal 
components of genetic str uct ure. Contrary to the existing tools that can only use reference samples with discrete source population assignment, 
KANN enables the use of reference samples with continuous ancestry profiles across multiple source populations. We observe that KANN’s 
ancestry estimates agree well with the haplotype-based method SO UR CEFIND when estimating ancestry profiles across up to 10 Finnish source 
populations on a dataset of 18 125 Finnish samples from THL Biobank. In the 10 0 0 Genomes Project dat a cont aining globally diverse genetic 
backgrounds, KANN produces highly similar results to the ADMIXTURE softw are. B ased on our results, KANN is a promising tool for ancestry 
estimation in large-scale genomic studies. 
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ntroduction 

he genetic variation currently observed in human popula-
ions has been shaped by historical migrations and admixture
vents. Understanding and quantifying this genetic variation is
ssential in population genetics and genomic medicine. For ex-
mple, the performance and reliability of polygenic risk scores
PRS), which have been successfully used for quantifying the
enome-wide contribution to complex diseases and traits [ 1 ],
epend heavily on the genetic ancestry of individuals [ 2 , 3 ].
herefore, the detailed characterization of individual-level an-
estry is essential for selecting the most suitable ancestry-
atched PRS model for each individual. In addition, the gen-
eceived: April 16, 2025. Revised: February 11, 2026. Accepted: February 14, 20
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hich permits unrestricted reuse, distribution, and reproduction in any medium, 
eral public has shown great interest in their own genetic ances-
try, as millions of individuals have already taken a direct-to-
consumer genetic test provided by companies with affordable
services and easily accessible online platforms [ 4 ]. Thus, there
is a clear need to scale accurate ancestry estimation methods
to biobank-scale datasets. 

Various computational tools have been developed for the
purpose of genetic ancestry inference. SOURCEFIND [ 5 ] and
RFMix [ 6 ] are widely used methods that utilize individual-
level haplotype information. Such haplotype-based methods
are able to distinguish fine-scale genetic structure but suffer
from slow runtime. Compared to the haplotype-level models,
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methods that work with individual-level genotype data (e.g.
iAdmix [ 7 ] and ADMIXTURE [ 8 ]) can improve on runtime,
but still they remain computationally heavy for large samples.

A recent approach called Rye [ 9 ] introduced the idea of bas-
ing genetic ancestry inference on individuals’ scores on prin-
cipal components of genetic structure without a need to ac-
cess variant-level data. This enabled more efficient computa-
tion, making Rye applicable to biobank-scale inference. Rye
was shown to run over 50 times faster than ADMIXTURE
when applied to a dataset of 488 221 UK Biobank partici-
pants, while the accuracy remained comparable to the existing
methods (RFMix, iAdmix, and ADMIXTURE) [ 9 ]. Recently,
PBWTpaint [ 10 ] introduced haplotype components that could
potentially be used as a haplotype-based alternative for prin-
cipal components in ancestry inference. 

As an input, Rye requires a set of reference individuals that
are each assigned to represent a single ancestral source pop-
ulation. This can be a sufficient approach when only discrete
population information is available, and the ancestral popula-
tions are carefully defined to ensure they are relatively homo-
geneous and minimally admixed with one another . However ,
the discrete assignment likely oversimplifies the complexity of
population structure we observe in modern human popula-
tions. A more flexible approach would be to use a continuous
representation of ancestry, where each reference individual is
characterized by an ancestry profile describing the proportion
of genetic ancestry inherited from each of the source popula-
tions. This framework would allow for a more detailed depic-
tion of genetic ancestry and has the potential to increase the
precision of ancestry inference, especially in highly admixed
populations. 

In this work, we develop a new method for k -nearest neigh-
bor regression for ancestry estimation (KANN), which works
in the space of principal or haplotype components of ge-
netic structure. Importantly, KANN can utilize admixed ref-
erence individuals who have proportions of genetic ances-
try inherited from multiple source populations. Such ances-
try profiles for reference samples could be obtained using ex-
isting methods, including SOURCEFIND and ADMIXTURE.
As a special case, KANN is applicable to the conventional
ancestry format where each reference sample is assigned to
exactly one population, allowing a direct comparison with
Rye. 

We apply KANN to a dataset from THL biobank that con-
tains fine-scale ancestry profiles with respect to 10 Finnish
subpopulations made by SOURCEFIND for 18 125 indi-
viduals. We compare the results from KANN and Rye to
SOURCEFIND, and we interpret the observed differences with
respect to the known genetic and geographical relationships
of the Finnish subpopulations. KANN is benchmarked with
both principal components obtained via PLINK 2.0 and hap-
lotype components obtained via PBWTpaint. In addition, we
apply KANN to genetically diverse data of 2504 global refer-
ence samples from the 1000 Genomes Project (1KGP). There,
KANN is compared to ancestry fractions previously inferred
using the ADMIXTURE software. 

Materials and methods 

S oftw are availability 

KANN is available as a software package in R-language at
https:// github.com/ riikonenj/ KANN . 
Finnish data 

We used data from the biobank of the Finnish Institute for 
Health and Welfare (THL), consisting of 16 962 023 variants 
measured on 51 852 individuals, together with the birth lo- 
cations up to a municipality-level precision. The data origi- 
nated from Finnish cohort studies: FINRISK ( n = 30 867),
GeneRISK ( n = 7255), FinHealth 2017 ( n = 6155), and 

Health 2000 ( n = 7575). All individuals included in this study 
had given written consent. 

PCA on the Finnish data 

As KANN operates on the principal components (PCs) of the 
genetic structure [ 11 , 12 ], it is crucial to start from a high- 
quality principal component analysis (PCA) achieved through 

stringent variant and sample quality control steps. 

Variants 
Variant quality control was performed using PLINK 2.0 soft- 
ware [ 13 ]. We considered only biallelic variants found in the 
autosomal genome. We followed a widely used practice of us- 
ing common variants in genotype PCA by excluding variants 
with minor allele frequency (MAF) < 5% [ 12 , 14 ]. In addi- 
tion, we excluded variants with Hardy –Weinberg P-value < 

1e-6 to avoid badly genotyped or multiallelic variants and 

an imputation information score < 95% to avoid variants 
where imputation was less certain. High amounts of linkage- 
disequilibrium (LD) can distort PCA-based inference by de- 
scribing local LD structure instead of genome-wide popula- 
tion structure [ 11 , 12 ]. To consider only nearly independent 
variants, we removed known regions of long-range LD [ 15 ],
and pruned the remaining variants so that the squared pair- 
wise correlation r 2 ≤ 0 . 2 . After filtering, 94 843 variants re- 
mained. 

Samples 
Starting from 51 852 samples, we considered only those 
whose municipality of birth was in Finland or in the eastern 

regions ceded to the Soviet Union during the Second World 

War. We estimated the sample heterozygosity using a method 

of moments F-statistic and excluded samples whose F-statistic 
deviated > 4 standard deviations (SD) from the mean. The 
exclusion of related samples prior to PCA is a common ap- 
proach to ensure that the PCs reflect population-level struc- 
ture instead of family structures [ 11 , 12 ]. For this purpose, we 
used the KING kinship coefficient threshold φ > 0 . 0442 [ 16 ] 
to prune out the relatives starting from the third degree. After 
filtering, 38 113 unrelated samples remained. 

PCA 

Following the variant and sample filtering, we applied PCA 

on the genotypes of the 38 113 unrelated samples. The PCA 

was run using PLINK 2.0 software with the approximation 

modifier ( –pca approx ). We extracted the first 20 principal 
components (PCs) and the corresponding eigenvalues. An ad- 
ditional 9837 non-monozygotic samples with excess kinship 

or homozygosity were afterwards projected on the PCs, result- 
ing in a total of 47 950 samples with the PC values. Finally, the 
PCs were standardized to have a zero mean and unit variance.

SOURCEFIND ancestry profiles 

A fine-scale genetic population structure in Finland was pre- 
viously determined [ 17 ] using the FINRISK study cohorts in- 

https://github.com/riikonenj/KANN
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luded in our data. In short, a subset of 2741 carefully chosen
eference individuals was allocated to three sets of genetically
nd geographically well-defined reference groups in an iter-
tive process utilizing the ChromoPainter and FineSTRUC-
URE software [ 18 ]. The reference sets characterize the fine-
cale genetic ancestry in Finland using two (refset 2, n =
472), six (refset 6, n = 1026), and ten (refset 10, n = 1236)
eference groups per set. SOURCEFIND [ 5 ] was further used
o estimate two-, six-, and ten-dimensional ancestry profiles
or a total of 18 463 samples, including the reference samples
hemselves. SOURCEFIND was run with 50 000 burn-in iter-
tions, 200 000 sample iterations, and results were recorded
fter every 5000 iterations. When estimating ancestry for each
f the reference group samples, the sample itself was left out
f its reference group. 
We had both our own PC coordinates and the

OURCEFIND profiles from [ 17 ] available for 18 125
INRISK samples. Out of these samples, 1798 were among
he reference samples (1443, 1006, and 1214 had a discrete
opulation assignment with respect to 2, 6, and 10 source
opulations, respectively). The data quality control and pre-
rocessing steps are described in Supplementary Fig. S1 . The
eographical locations of the 1214 samples forming the 10
ource populations are depicted in Fig. 1 A and B shows the
ame samples on the first two PCs. Supplementary Figs S2 –S4
how the same information for the first 10 PCs and for 2, 6,
nd 10 populations, respectively. 

ANN algorithm 

-nearest neighbor regression 

ncestry estimation with KANN leverages the known ances-
ry profiles of n R 

reference samples, each having a proportion
f their genetic ancestry assigned to S different source popula-
ions. We represent the ancestry profile of the reference sam-
le j ≤ n R 

as 

r r r j = (r j, 1 , r j, 2 , . . . , r j,S ) , 

here r j,s describes the ancestry proportion of sample j with
espect to the source population s ≤ S . Leveraging the known
ncestry information of the reference samples, the aim is to
stimate, for each query sample i ≤ n Q 

, a corresponding an-
estry profile: 

q 

q q i = (q i, 1 , q i, 2 , . . . , q i,S ) . 

o apply k-nearest neighbor regression for ancestry estima-
ion, we define the distance d(i, j) ≥ 0 between the query sam-
le i and the reference sample j as their Euclidean distance
n the M -dimensional PC-space, where the squared distance
long each component m is weighted with the component’s
igenvalue λm 

: 

d(i, j) = 

√ √ √ √ 

M ∑ 

m =1 

λm 

(x i,m 

− x j,m 

) 2 , 

here x i,m 

and x j,m 

are, respectively, the scores of the query
ample i and the reference sample j on the principal compo-
ent m . The M eigenvalues λm 

are normalized to sum to one.
he time complexity of the distance matrix computation is
 (n Q 

n R 

M ) . 
Given k ≤ n R 

, we denote for each query sample i the set of
ndices of its k nearest reference samples by J (k ) i . The ancestry
omponent q i,s is computed as the arithmetic mean over the
ancestry components of the k nearest reference samples: 

q i,s = 

1 

k 

∑ 

j∈ J (k ) i 

r j,s . 

The time complexity of the ancestry estimation is dom-
inated by sorting the distance matrix and is of the order
O 

(
n Q 

n R 

log (n R 

) 
)
. Therefore, the runtime of the KANN algo-

rithm is of the order O 

(
n Q 

n R 

( log (n R 

) + M ) 
)
. 

Inverse distance weighting 
In case there is a high variability among the distances between
the query sample and its k nearest reference samples, it is plau-
sible that the reference samples closest to the query sample are
more descriptive of its ancestry than those farther away. With
this in mind, we define, for a given exponent p ≥ 0 , the weight
w (i, j) = d(i, j) −p of reference sample j on query sample i ,
based on their inverse pairwise distance raised to the power
p. The ancestry components are then estimated as 

q i,s = 

∑ 

j∈ J (k ) i 
w i, j r j,s ∑ 

j∈ J (k ) i 
w i, j 

. 

To avoid extremely large weights, KANN can be provided
with a minimum distance threshold ε that is substituted for
the distances < ε. In our applications, we set ε = 0 . 1 . 

Total variation distance 

Ideally, for the same input data, KANN would estimate simi-
lar ancestry profiles as the current state-of-the-art haplotype-
based ancestry estimation methods. To assess the performance
of KANN, we compare our estimated sample profiles with the
SOURCEFIND profiles for the same samples. As a distance
measure between two S -dimensional ancestry profiles q 

q q 

(1) 
i and

 

q q 

(2) 
i we use the total variation distance (TVD), defined as 

TVD 

(
q 

q q 

(1) 
i , q 

q q 

(2) 
i 

)
= 

1 

2 

S ∑ 

s =1 

∣∣∣q 

(1) 
i,s − q 

(2) 
i,s 

∣∣∣ . 

Model building and test datasets 

From the 18 125 samples, we extracted a test set of 1000 sam-
ples that did not overlap with the 1798 samples used to rep-
resent the Finnish source populations in the SOURCEFIND
analysis. To ensure that all 10 source populations were rep-
resented in the test set, for each population, we randomly se-
lected five such samples that had ≥75% of their ancestry as-
signed to the population by SOURCEFIND. This property of
the test set also holds with respect to either two or six source
populations. The remaining 950 samples in the test set were
selected randomly. The 17 125 samples not included in the test
set are referred to as the model-building dataset. 

Parameter optimization in the Finnish data 

We optimized parameters k and p within the model-building
dataset by minimizing TVD between our estimated ances-
try profiles and those available for the same samples from
SOURCEFIND. Hereafter, unless otherwise specified, we use
‘TVD’ to refer to the total variation distance between the
SOURCEFIND profile and an ancestry profile estimated us-
ing some other method. In addition to TVD, we computed the

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
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Figure 1. A ) Map of Finland with the geographical locations of the reference samples ( n = 1214) allocated to 10 Finnish source populations. The points 
depict the mean coordinates of the parents’ municipalities of birth. ( B ) The same individuals are highlighted on the first two principal components. The 
samples not included in the reference groups are depicted in grey colour. SWF: Southwestern Finland, OST: Ostrobothnia, KOK: Kokkola, WLA: West 
Lapland, ELA: East Lapland, KUU: Kuusamo, KAI: Kainuu, SKA: Savo-Karelia, CNF: Central Finland, CKA: Ceded Karelia. 
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timates of each ancestry component in the query profiles and
the corresponding SOURCEFIND profiles. 

This optimization process was repeated separately for 2, 6,
and 10 source populations, and for three different ways to
define the reference profiles. To assess how the number of top
principal components utilized by KANN affects estimation ac-
curacy, we repeated the optimization process while varying
the number of PCs from 1 to 20. Apart from this assessment,
subsequent analyses were conducted using ancestry profiles
generated from the top 10 PCs, unless otherwise specified. In
each setting, the model-building dataset was divided into ref-
erence samples and query samples. Instead of an exhaustive
search through all possible parameter values, we applied the
optimization in a restricted parameter space. For the param-
eter p, we ran KANN for integer values from 0 to 10. When
p = 0 , an equal weight is assigned to all pairwise distances,
corresponding to the case where no distance weighting is ap-
plied. Depending on the setting, we ran the algorithm with
different increments of k starting from 1. The three scenarios
for defining the reference profiles are as follows. 

DISCRETE 

In the DISCRETE scenario, the reference samples are those
with a discrete assignment to a single population, i.e., 100%
of the ancestry of a reference sample is assigned to one source
population. This approach enables a meaningful comparison
between KANN and such ancestry inference tools that require
discrete reference profiles. In our data, we have discrete popu-
lation assignments for the samples that were used as the refer-
ence samples in the original SOURCEFIND analysis. For pa-
rameter k , we examine values 1, 10, 25, 50, 100, 250, 500,
1000, and n R 

, where n R 

is the maximum number of reference
samples available in each set. This equals 1443 samples (2
populations), 1006 samples (6 populations), and 1214 sam-
ples (10 populations). 
CONTINUOUS 
In the CONTINUOUS scenario, we use the same reference set 
as in the DISCRETE scenario, namely 1443 samples (2 popu- 
lations), 1006 samples (6 populations), and 1214 samples (10 

populations), and the same range of values for the parameter 
k . The difference here is that we utilize the continuous ances- 
try profiles estimated by SOURCEFIND, where the individ- 
ual’s profile consists of proportions of ancestry assigned to all 
S source populations. This way, we can demonstrate KANN’s 
ability to utilize reference samples with continuous ancestry 
profiles. 

CONTINUOUSALL 

The CONTINUOUSALL scenario is an extension of the 
CONTINUOUS scenario, where we again utilize information 

on continuous ancestry profiles, but use all available samples 
from the model-building dataset as our reference set. For pa- 
rameter optimization, we use cross-validation. First, the sam- 
ples are randomly assigned to 10 cross-validation folds, each 

containing approximately 10% of the samples. Each fold in 

turn is considered as the query samples, and the remaining 
folds are the reference samples. Compared to the DISCRETE 

and CONTINUOUS scenarios, we now have a larger number 
of reference samples available. We extend the parameter space 
for k to cover values 1, 3, 5, 10, 25, 50, 100, 250, 1000, 5000,
10 000, and 15 000. 

The optimal pair of parameters in the DISCRETE and 

CONTINUOUS scenarios is the one that minimizes the mean 

TVD in the query sample set. In the CONTINUOUSALL sce- 
nario, the optimal pair is the one that minimizes the mean 

TVD over the combined set of query profiles from the 10 

cross-validation folds. After the parameter optimization, we 
estimated ancestries for the test set of 1000 samples using 
KANN with different numbers of source populations and for 
the three scenarios of reference profiles. In each case, the al- 
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orithm was run with 10 PCs and the parameter pair found
uring the optimization process. 

omparison with Rye 

e used the Finnish data to compare the accuracy and run-
ime of KANN to Rye, a recent software tool for genetic an-
estry inference based on principal components applicable at
 biobank scale [ 9 ]. Rye uses Markov chain Monte Carlo op-
imization to find vectors in the PC-space to represent each of
he ancestral source populations. Genetic ancestry profiles for
he query samples are then estimated by regressing their PC
ectors on those of the source populations using non-negative
east squares regression. Rye was shown to be comparable in
ccuracy with RFmix [ 6 ], ADMIXTURE [ 8 ], and iAdmix [ 7 ],
nd outperforms them with respect to runtime [ 9 ]. 

We used Rye to estimate ancestry profiles for the 1000
est set samples with respect to 2, 6, and 10 Finnish
ource populations, and compared the estimated profiles with
OURCEFIND using TVD. In all cases, we used 10 PCs and
he default parameters. Rye, like many ancestry inference
ethods, uses reference samples allocated to a single source
opulation. Thus, we used the same reference sample set for
ye as we used in our DISCRETE scenario, because those
re the only samples in our data with a discrete assignment
o source populations. This enabled a meaningful comparison
etween Rye and KANN, since identical input data was used
ith both methods. 
Further, we compared the runtime between Rye and KANN

n estimating the test set profiles with respect to 10 source
opulations. Both methods used the same 1214 reference
amples with discrete ancestry information and the first 10
Cs. KANN’s runtime includes the pairwise distance matrix
omputation between the reference and test samples. KANN
as run with parameters k = n R 

− 1 = 1213 and p = 3 . (As
ANN is exceptionally fast in the special case k = n R 

, where
he nearest neighbor search can be skipped, for this runtime
omparison, we ran KANN using k = n R 

− 1 instead of the
ptimized value k = n R 

.) Taking into account the possible
ariation in runtimes, we report the median and range of run-
imes from 10 separate runs for both algorithms. Runtime was
easured using an Intel Xeon Gold 6148 CPU and 173GB of
AM, with KANN first running on a single core and then on

our cores, while Rye utilized up to four cores. 

nterpreting the TVD values 

VD between an individual’s profile estimated by KANN and
OURCEFIND tells which proportion of ancestry KANN has
ssigned to different source populations than SOURCEFIND.
hus, small TVD values between KANN and SOURCEFIND

ndicate that KANN can provide similar accuracy to a state-
f-the-art haplotype-based ancestry estimation method. As
VD adds up the absolute differences over all ancestry com-
onents, it does not directly tell for which population pairs the
ifference occurred. We studied further the magnitude of the
ifferences for individual source populations, and determined
hether some pairs of the source populations get mixed up by

he two methods more often than others. These analyses were
onducted on the test set where the ancestry profiles were es-
imated using the parameter values optimized in the model-
uilding phase. 
First, we looked at the marginal differences KANN −

OURCEFIND between the individual ancestry components
in the test set. Furthermore, we studied how the marginal dif-
ferences of the other populations are distributed among the
samples that have a high marginal difference in one popula-
tion. In turn, we took each source population as our target
population and identified the test set samples with a marginal
difference ≥ 0 . 05 for that population. The individuals with a
high marginal difference in the target population were divided
into two groups based on the sign of the difference (positive
or negative). A positive difference implies that, compared to
SOURCEFIND, KANN had overestimated the ancestry com-
ponent of the population. Correspondingly, a negative dif-
ference implies that KANN had underestimated the compo-
nent. For the samples in each group, we calculated the arith-
metic means of the marginal differences with respect to all
other populations. We were interested in which populations
the marginal difference was in the opposite direction than in
our target population, as that suggests that those populations
and our target population had been mixed up between KANN
and SOUR CEFIND. W e normalized the absolute values of the
mean differences that were in the opposite direction compared
to the target population’s difference, and we ignored the pos-
sible differences with the same sign as the difference of the
target population. 

Haplotype component analysis (HCA) 

As input data to KANN, we may use haplotype components
obtained via the PBWTpaint software [ 10 ] instead of the prin-
cipal components of genetic structure. PBWTpaint is an exten-
sion of the Positional Burrows-Wheeler Transform (PBWT) al-
gorithm, which is used to identify long matches between hap-
lotypes. PBWTpaint can be used to conduct all-vs-all chromo-
some painting on a dataset and represent the sample relation-
ships in a sparse matrix of the length of shared haplotypes.
Following the pipeline of Yang et al. [ 10 ], we ran PBWTpaint
on the same dataset of 38 113 samples that we used for the
PCA of the Finnish data. While PCA works with nearly inde-
pendent variants, PBWTpaint can utilize haplotype informa-
tion carried by variants in high LD. Therefore, we provided
PBWTpaint with 5 637 276 variants, satisfying the same qual-
ity control filters as the PCA variants of the Finnish dataset,
except that no LD-pruning was applied. We extracted the first
20 haplotype components (HCs) and their singular values,
and standardized each HC to have zero mean and unit vari-
ance. We reran the optimization process for the parameter pair
(k, p) by replacing PCs with HCs. 

As 2117 Finnish samples with SOURCEFIND profiles were
not included in the PCA dataset, but were only later projected
to the PCs, they are missing the HCs. For this reason, the
HCA model-building dataset ( n = 15 136) is a subset of the
PCA model-building dataset. The number of samples belong-
ing to the SOURCEFIND reference sets in the HCA model-
building dataset is 1266 samples (2 populations), 882 sam-
ples (6 populations), and 1085 samples (10 populations). Be-
cause of the smaller size of the HCA model building dataset,
we restricted the parameter space for k in the DISCRETE and
CONTINUOUS scenarios to 1, 10, 25, 50, 100, 250, 500, and
n R 

, where n R 

was the maximum number of reference samples
available in each set. Similarly, we restricted k in the CON-
TINUOUSALL scenario to 1, 3, 5, 10, 25, 50, 100, 250, 1000,
5000, 10 000, and 13 000. 

To assess the overall performance of KANN while using
HCs in ancestry estimation, we compared the mean TVDs ob-
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tained in the query dataset using HCs to those obtained using
PCs at the optimal parameter values of each analysis. We also
studied how the optimized mean TVD varies with the number
of top HCs provided to KANN. 

10 0 0 Genomes Project ADMIXTURE analysis 

To benchmark the performance of KANN in a genetically di-
verse context, we used genotype data from the 1000 Genomes
Project (1KGP; phase 3 data, 2504 samples) [ 19 ] together
with ancestry profiles previously inferred by the ADMIX-
TURE software using 193 634 variants. For this purpose, we
performed quality control and PCA using PLINK 2.0 on the
dataset that we downloaded from the 1KGP website. 

The data had already been filtered for the ADMIXTURE
analysis to include only biallelic SNPs with MAF > 5% that
are at least 2Kb apart from each other. We further excluded
regions of extended linkage disequilibrium [ 15 ]. Additional
LD pruning was applied with the threshold for squared pair-
wise correlation r 2 ≤ 0 . 2 , resulting in 81 573 variants. Related
pairs (KING kinship coefficient φ > 0 . 0442 ) were removed,
leaving 2465 unrelated samples for PCA. The first 20 PCs were
extracted, and the remaining 39 related individuals were sub-
sequently projected onto the PC space. All PCs were scaled to
have a zero mean and unit variance. 

We compared KANN estimates with ADMIXTURE ances-
try proportions inferred at the level of 5 source populations.
An examination of the original ADMIXTURE results in 1KGP
data showed that out of the five source populations, POP1
and POP2 represented African, POP3 European, POP4 South
Asian, and POP5 East Asian genetic ancestry. As our target
individuals, we selected the Colombian in Medellin (CLM, n
= 94). We randomly split them into a query sample set for
parameter optimization and a test set ( n = 47 in both sets).
The remaining 2410 individuals were used as the reference set
with known continuous ADMIXTURE profiles. KANN pa-
rameters were optimized in the query sample set using the first
10 PCs, and the parameter grid for p from 0 to 10, and k at 1,
10, 25, 50, 100, 250, 500, 1000, 1500, 2000, and n R 

= 2410.
For each parameter pair, query set profiles were estimated by
KANN from the 5-population ADMIXTURE profiles of the
reference samples. The optimal parameter pair minimizing the
mean TVD between KANN and ADMIXTURE in the query
set was then applied to estimate ancestry profiles for the inde-
pendent test set. 

Results 

Optimal parameters in the Finnish data 

The parameter optimization yields a pair of parameters (k, p)
that minimizes the mean TVD in the query dataset (Table 1 ).
Unless otherwise specified, we report here the results from the
KANN parameter optimization with 10 PCs. The smallest op-
timal p encountered was 3, indicating that the ancestry estima-
tion benefits from the distance weighting. In the DISCRETE
and CONTINUOUS scenarios, the optimal number of near-
est reference samples k was always relatively close to n R 

, the
total number of reference samples. When a larger reference
sample set was used in the CONTINUOUSALL scenario, the
optimal k was much smaller ( k = 25 or k = 50 ). 

Supplementary Fig. S5 shows the mean TVD, and
Supplementary Fig. S6 shows the mean correlation observed
in the query data across the parameter values. For the param-
eter p, values are shown from 0 to 6, since we did not observe 
any optimal parameter pairs with larger values of p during 
the optimization process when using the first 10 PCs. Regard- 
less of the scenario, the worst results with respect to TVD 

were observed when the inverse distance weighting was not 
applied and k equals to its maximum possible value n R 

. This 
is not surprising, as such a choice corresponds to estimating 
the same profile for all query samples. The weighting parame- 
ter p had less impact on the mean TVD and correlation when 

k is small. For example, in the KANN-CONTINUOUSALL 

scenario, where the optimal k ≤ 50 , changes in p showed less 
than a 0.001 difference in the mean TVD. However, in the 
same scenario, with a large k = 15 000 , we saw up to a 0.35 

difference in the mean TVD between values p = 0 and p = 5 .
Supplementary Fig. S7 reports the minimum mean TVD 

found in the query sample set across all considered param- 
eter pairs (k, p) when KANN optimization is run in the PCA 

model building dataset with a different number of top princi- 
pal components (in gray). The minimum mean TVD declines 
strongly after the inclusion of the second and third compo- 
nents. In most scenarios, the TVD has stagnated after approx- 
imately 8 PCs. Including more than 10 PCs does not seem to 

noticeably improve the estimation accuracy. 

Ancestry estimation accuracy and runtime 

Fig. 2 shows the TVD distributions of the test set profiles esti- 
mated using KANN and Rye with respect to 10 Finnish source 
populations. ( Supplementary Figs S8 and S9 show the distri- 
butions with respect to 2 and 6 populations, respectively.) The 
box plots show a similar trend with respect to the median 

TVD, as Table 1 shows with respect to the mean TVD. As 
expected, TVD increases with the number of source popu- 
lations for every method. In all cases, Rye shows the largest 
TVD. This is followed by KANN-DISCRETE that provides a 
meaningful comparison with Rye, since there KANN is run 

with an identical reference sample set and the same discrete 
ancestry information as Rye. Incorporating continuous ances- 
try information with KANN-CONTINUOUS decreases TVD 

compared to using the discrete information. Finally, extend- 
ing the reference sample set to cover the whole model-building 
dataset with KANN-CONTINUOUSALL shows the smallest 
TVD. 

In the test set, KANN and SOURCEFIND ancestry esti- 
mates for each individual source population had a correla- 
tion ρ = 0 . 988 with 2 populations ( Supplementary Fig. S10 ),
ρ ≥ 0 . 963 with 6 populations ( Supplementary Fig. S11 ), and 

ρ ≥ 0 . 859 with all 10 populations ( Supplementary Fig. S12 ).
Here, the KANN profiles had been estimated using ances- 
try information and reference samples from the KANN- 
CONTINUOUSALL scenario, and the optimal parameters 
corresponding to the number of source populations from Ta- 
ble 1 . 

For the runtime comparison, Rye and KANN were run on 

an identical set of 1214 reference samples and the 1000 test set 
samples as query individuals. The median runtime for KANN 

over 10 runs was 9.6 s (min = 9.4 s, max = 9.9 s) using one 
core and decreased to 4.0 s (min = 3.9 s, max = 4.7 s) us- 
ing four cores. Rye took considerably longer, with a median 

runtime of 616 s (min = 541 s, max = 679 s) using four 
cores. We confirmed that the runtime of KANN was linear 
in the number of query samples, both with one and with four 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
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Table 1. Mean TVD in the test set with 95% confidence intervals for Rye and three versions of KANN (both run with 10 PCs) for different numbers of 
source populations S. Optimal values of p and k are shown for KANN 

RYE 

S Mean TVD 

2 0.082 (0.077, 0.086) 
6 0.177 (0.170, 0.184) 
10 0.244 (0.237, 0.252) 

KANN-DISCRETE 

S p k Mean TVD 

2 3 1443 0.074 (0.07, 0.079) 
6 3 1000 0.138 (0.129, 0.146) 
10 3 1214 0.186 (0.175, 0.198) 

KANN-CONTINUOUS 

S p k Mean TVD 

2 4 1000 0.061 (0.058, 0.065) 
6 5 1000 0.119 (0.111, 0.126) 
10 5 1214 0.148 (0.139, 0.157) 

KANN-CONTINUOUSALL 

S p k Mean TVD 

2 4 50 0.036 (0.034, 0.038) 
6 3 25 0.069 (0.065, 0.074) 
10 3 25 0.112 (0.105, 0.119) 

0.227

0.165

0.11 0.093

0.0

0.2

0.4

0.6

0.8

RYE KANN
(DISCRETE)

KANN
(CONTINUOUS)

KANN
(CONTINUOUSALL)

T
V

D

Figure 2. B o x plots sho wing the TVD distribution of the test sample profiles with respect to 10 populations. P rofiles are estimated using Ry e and the 
three versions of KANN. The profiles in each version of KANN have been estimated using the optimal parameter pair from Table 1 . The median TVD is 
shown on each box plot. 
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ifferences between KANN and SOURCEFIND 

opulation-specific marginal differences between KANN and
OURCEFIND with respect to the 10 source populations are
epicted in Fig. 3 . These are calculated from the test sample
rofiles using continuous ancestry information with the whole
odel-building dataset of 17 125 samples as the reference,

nd using the optimized parameters (k = 25 , p = 3) . For all
opulations, the absolute values of the lower and upper quar-
iles remain ≤ 0 . 04 . East Lapland (ELA), although having a
mall interquartile range, shows the largest positive (0.507)
nd negative ( −0.531) differences. Supplementary Figs S13
and S14 show the marginal differences with respect to the 2
and 6 populations, respectively. 

Using the same estimated ancestry profiles, Fig. 4 visualizes
the distributions of population-specific mean marginal differ-
ences among the samples having a high marginal difference
in a particular target population ( Supplementary Table S1 ).
Supplementary Fig. S15 depicts the distributions with respect
to six populations. 

In general, population pairs that are geographical neighbors
(Fig. 1 ) were most prone to getting mixed up between KANN
and SOURCEFIND. Fig. 4 also indicates that the distributions

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
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Figure 3. Marginal differences between KANN and SOURCEFIND in the ancestry components of the test set with respect to 10 source populations. The 
population abbreviations and colors are as in Fig. 1 . 
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difference in a particular target population. The y -axis shows the target population label (left-hand side), and the corresponding number of samples 
(right-hand side) reaching the threshold of 0.05 difference with respect to the target population. The population abbreviations and colors are given in 
Fig. 1 . 
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in panels A and B are not entirely symmetrical. For example,
among the individuals with a high positive difference in the
West Lapland (WLA) component (row 4 in Fig. 4 A), the vast
majority (84.5%) of the ancestry was mixed up with its ge-
ographical neighbor, East Lapland (ELA), with virtually no
mix-up (0.3%) with the geographically more distant South-
western Finland (SWF). On the other hand, among the indi-
viduals with a high negative difference in the WLA compo-
nent (row 4 in Fig. 4 B), the ancestry has been mixed up sub-
stantially less with ELA (32.1%), while almost a comparable
fraction (26.9%) of ancestry was estimated for the SWF com-

ponent. 
Haplotype component results 

Haplotype components obtained using PBWTpaint distin- 
guish clear population structure in the Finnish data, as shown 

in Supplementary Figs S16 –S18 . Supplementary Fig. S19 

shows the mean TVD observed across the parameter values 
during the optimization in the HCA model-building dataset. 

The minimum mean TVD observed in the query sample set 
with different numbers of haplotype components is shown in 

Supplementary Fig. S7 . The general trend across the differ- 
ent scenarios is analogous to PCs, where the TVD decreases 
rapidly after the inclusion of the second and third HC, and 

stagnates after approximately eight components. Regardless 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
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f the setting, using only the first PC yields better results than
he first HC. However, after the inclusion of more compo-
ents, HCs tend to give at least as low mean TVDs as the
Cs, and slightly outperform them in some cases. For exam-
le, in the KANN-CONTINUOUSALL scenario, HCs result
n a smaller minimum mean TVD than PCs after the third
omponent for any number of source populations, although
he difference is never more than 0.028 TVD units. 

0 0 0 Genomes Project results 

uring the parameter optimization process in the 1KGP
ataset, KANN was used to estimate ancestry profiles for the
7 CLM query samples with respect to the five source popu-
ations that ADMIXTURE had previously inferred from the
KGP data. Supplementary Fig. S20 A shows the mean TVD
bserved between KANN (with 10 PCs) and ADMIXTURE in
he query dataset with different parameter values. The mini-
um mean TVD across parameters as a function of the num-
er of top PCs is shown in Supplementary Fig. S20 B. After just
he first two PCs, the minimum mean TVD decreases rapidly
rom around 0.22 and remains at approximately 0.03, with a
light increase after including more than 14 top PCs. 

Providing KANN with 10 PCs and the corresponding opti-
al parameter pair (k = 10 , p = 5) , the mean TVD in the test

et of 47 CLM samples was 0.0391. Fig. 5 shows these KANN
rofiles side by side with the original ADMIXTURE profiles.
he scatter plots of population-specific test set ancestry esti-
ates inferred by KANN and ADMIXTURE are depicted in

upplementary Fig. S21 . 

iscussion 

e developed KANN with the aim to offer a user-friendly
nd scalable tool that could produce similar results as com-
utationally more complex haplotype-based ancestry estima-
ion methods such as SOURCEFIND [ 5 ]. Our results indi-
ate that KANN is able to estimate ancestry profiles that are
ell in line with SOURCEFIND. For example, with up to six

ource populations, all ancestry components from KANN and
OURCEFIND were highly correlated ( > 0 . 96 ). Our anal-
sis of the Finnish data demonstrated the performance of
ANN in a single, relatively homogeneous European popula-

ion. Additional benchmarking against ancestry profiles from
he 1KGP ADMIXTURE analysis suggested that KANN is
apable of estimating ancestry profiles highly consistent with
DMIXTURE in a dataset representing more diverse global
opulations (Fig. 5 ). 
Naturally, the average difference between KANN and

OURCEFIND increases as we attempt to assign the Finnish
ncestry into 10 fine-scale source populations. For many
arget populations, the difference between KANN and
OURCEFIND was nearly independent of which one gave
 higher ancestry estimate for these target populations, as
ndicated by the similarity of panels A and B of Fig. 4 .
n these cases, the largest differences between KANN and
OURCEFIND tended to occur between source populations
hat are genetically close to each other as measured by the
st values reported by Kerminen et al. in their Supplementary
able S2 [ 17 ]. Instead, for three geographically western popu-

ations, OST, KOK, and WLA, there was a clear asymmetry be-
ween panels A and B of Fig. 4 . Compared to SOURCEFIND,
ANN tended to replace some ancestry in these three popu-

ations by the SWF component (Fig. 4 B) that represents the
canonical Western Finland component, whereas for individ-
uals for whom KANN’s estimate in these three populations
was larger than SOUR CEFIND’ s estimate, the extra ancestry
was mainly taken from one of the neighboring populations
but not from SWF (Fig. 4 A). Such asymmetry could reflect
both complex relationships between the western source pop-
ulations and properties of the PCA used in the KANN algo-
rithm that may emphasize particular aspects of the population
structure of western Finland. 

In our Finnish dataset, no ground truth of ancestry frac-
tions exists, and we evaluated the accuracy of the methods by
comparing them to ancestry estimates from a well-established
haplotype-based method, SOUR CEFIND. W e acknowledge
that the improved similarity with respect to SOURCEFIND
does not automatically imply greater accuracy relative to an-
cestry fractions defined using other methods. KANN was able
to reproduce the SOUR CEFIND’ s estimates more accurately
than an existing PCA-based ancestry estimation method, Rye
[ 9 ], when using the same input data. Furthermore, we achieved
a considerable improvement with KANN when we extended
KANN to utilize continuous ancestry profiles of the reference
individuals instead of assigning each reference individual to a
single source population as required by Rye. Given that indi-
viduals from natural populations are often complex mixtures
of different ancestries, we consider KANN’s ability to use the
continuous ancestry profiles as an important advancement for
many ancestry estimation applications. Since KANN is inde-
pendent of the ancestry profile estimation method applied to
the reference samples, the choice of the method can be made
freely based on considerations of accuracy and computational
feasibility [ 5 , 6 , 20 , 21 ]. 

A practical question is how to choose a suitable number
of principal components, and suitable values for the two pa-
rameters required by KANN: k the number of nearest neigh-
bors and p the exponent of the inverse distance that is used
to weight the k nearest samples. If high-quality ancestry infor-
mation can be estimated for a subset of the data, for example,
by SOURCEFIND or some other haplotype-based method, the
parameters can be optimized by using a cross-validation ap-
proach as we have demonstrated. If such information is not
available, the parameters can alternatively be chosen based
on some general trends we observed about the parameters’ ef-
fect on the estimation accuracy ( Supplementary Fig. S5 ). The
choice of k and p should be considered jointly, as their effects
on estimation accuracy depend on each other. We acknowl-
edge that the following observations are made in our dataset
when running KANN with 10 PCs, and they might not gener-
alize equally well in all other cases. 

We observed that p had a considerable effect only when k
was fairly large, say > 5% of the number of reference sam-
ples. There, increasing p from 0 typically decreased the TVD
to SOURCEFIND/ADMIXTURE. However, values of p > 5
did not anymore noticeably decrease the optimal TVD when
we optimized p and k together. Hence, we consider a plausi-
ble range for p to be between 0 and 5. In our Finnish data,
fixing p = 3 and optimizing over k resulted, on average, in
the smallest mean TVD over all optimization scenarios and
populations when using 10 PCs ( Supplementary Fig. S5 ). In
the 1KGP dataset, p = 5 resulted in the smallest mean TVD
( Supplementary Fig. S20 A) but the TVD achieved with p = 3
had only a tiny (0.0006) difference from the optimum. There-
fore, we propose p = 3 as a default value for datasets where
no parameter optimization is possible. 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
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Figure 5. Ancestry profiles for the 47 CLM test samples with respect to the five populations inferred by ADMIXTURE. Each pair of bars represents one 
sample, where the left bar is the sample’s ADMIXTURE profile, and the right bar is the profile estimated using KANN (k = 10 , p = 5 , 10 PCs ) . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/nar/article/54/5/gkag209/8516223 by Turku U

niversity user on 08 April 2026
The optimal value of k is also influenced by the size of
the reference sample set n R 

and the genetic diversity among
the data. In our Finnish examples, when n R 

< 1500 (KANN-
DISCRETE and KANN-CONTINUOUS), large values of k
were preferred as k = 1000 was the smallest optimal value ob-
served. On the other hand, with the largest reference sample
set with n R 

> 15 000 (KANN-CONTINUOUSALL), much
smaller values (k = 25 , k = 50) were optimal. In the 1KGP
analysis, where n R 

= 2410 but the genetic diversity is consid-
erably larger than in the Finnish data, we observed k = 10 to
be optimal. However, even larger values of k with varying lev-
els of distance weighting produced near optimal results, sug-
gesting that a large reference sample set does not necessarily
mean that smaller values of k should always be preferred. For
example, in the Finnish data, the difference between the opti-
mal mean TVD and the one obtained using, say, k = 10 000
and p = 5 in the KANN-CONTINUOUSALL scenario is at
most 0.036, regardless of the number of populations. If no
distance weighting is used ( p = 0 ), then we recommend avoid-
ing values of k that are close to the full reference dataset
size, because otherwise the ancestry estimates of all individu-
als would become very similar as they would be (unweighted)
averages over largely overlapping sets of the reference
individuals. 

Here, we ran our main analyses with KANN using the first
10 PCs, and confirmed it to be a suitable number in our ex-
amples. Using only the first PC yielded the worst results, and
in most cases, inclusion of more components decreased the
TVD up to a point, depending on the optimization scenario
and number of populations ( Supplementary Fig. S7 ). In the
Finnish data, with only two source populations, TVD did not
show a considerable change after the first five PCs. With 10
source populations, we saw a steady decrease in TVD that
stagnates after approximately the first eight PCs. Beyond the
first 10 PCs, no substantial further change in TVD was ob-
served. In the 1KGP dataset with five source populations, in-
cluding only the first three principal components, yielded op-
timal results ( Supplementary Fig. S20 B), and no considerable
change was seen in the TVD after inclusion of further com-
ponents. Unless dataset-specific optimization has been carried
out for the number of PCs, we suggest 10 PCs as a default
choice for running KANN, as that number gave results that
were always very near the optimum observed. 
As ancestry estimation with KANN is based on PCs, it is 
important to carefully conduct the data preprocessing steps 
to achieve a high-quality PCA [ 11 , 12 , 22 ]. The effect of LD
pruning and choice of variants on the PCA will vary in dif- 
ferent settings, and therefore, visual inspection of the result- 
ing PC scores with respect to known ancestry-related labels is 
always important. In our work, we considered common vari- 
ants with MAF ≥ 5%. Alternative variant selection strategies 
(e.g. inclusion of low-frequency or rare variants) might em- 
phasize different features of population structure, especially 
when considering recent admixture [ 23 ]. Furthermore, we left 
F-outliers and relatives starting from the third degree out from 

PCA to avoid possible family structure effects, but later pro- 
jected them on the PCA space to increase the sample size. The 
projected samples are known to be shrunk towards the mean 

point of the PCs, and in some cases, this can affect the results 
[ 22 ]. This issue should be borne in mind in future applications 
of KANN. 

Ancestry estimation with SOURCEFIND and similar soft- 
ware works with the output from chromosome painting soft- 
ware, including ChromoPainter [ 18 ] and its sparse approxi- 
mation, SparsePainter [ 10 ]. Running ChromoPainter requires 
the painting of each query haplotype locus against every refer- 
ence individual, corresponding to between 1026 (refset 6) and 

18 125 (full data) comparisons per query individual in our 
dataset. SparsePainter approximates this process by limiting 
comparisons to a smaller number of best-matching reference 
haplotypes, but still relies on genome-wide haplotype match- 
ing. PC-like components enable the fast comparison between 

query and reference sample coordinates over only a handful 
of components. 

We found that running KANN using PBWTpaint-derived 

HCs based on dense haplotype data showed high concordance 
with the estimates obtained with PCs extracted from a much 

smaller set of nearly LD-independent variants. In many cases,
HCs slightly improved the estimation accuracy, as measured 

by mean TVD in the query dataset. However, an advantage 
of running KANN with PCs is to enable the fast projection 

(and the subsequent ancestry estimation) of new individuals 
to the existing PC-space using genotype loadings, without af- 
fecting the PC-coordinates of any other sample. To our knowl- 
edge, a similar projection for a new individual is not available 
for HCs extracted using PBWTpaint without recomputing the 

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkag209#supplementary-data
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aplotype sharing with respect to all reference samples. Nev-
rtheless, we recognize haplotype components as a plausible
lternative to principal components in specific applications of
ANN, when dense haplotype data and computational re-

ources are available. 
Obvious future application areas of KANN include pop-

lation genetic studies and the individuals’ own interest in
heir personal genetic ancestry through direct-to-consumer
ervices. Additionally, we expect that detailed information
n individual-level genetic ancestry on biobank-scale datasets
ill enable new epidemiological studies to separate the ef-

ect of genetic ancestry from environmental factors. Finally,
ince the genetic ancestry profile does affect the performance
f polygenic scores [ 2 , 3 ], KANN can help us to choose the
ost suitable genetic predictions for each individual accord-

ng to the individual’s detailed ancestry profile. 
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