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component analysis, PCA) . Structure J5i%) &K%
LR SWBE S k. (ML) 456, it
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IERRAR (29 50% HEA MR 2 (151 400 km Z A5
I AFEL 77% W TNAER R ) AT Sk,
WM Zs (AT AR H—UnbLgs
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AWFFEHESL T —Fhas S AR B = I PCA T
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BEAUE F T e % B ) SNP L [ U454l , b3 &2
Ak A FEAE 7R BR AN J2 T 35 ik BGA #Y 4
Wik g . ABFoR AT T AR A =] (The
1000 Genomes Project Phase 3, 1KGPhase3) B A
4 QAR SNP IS4 (12307 866 4>
SNP {75, 26 4~ AHE, 2 504 MFEA), JERHAT10
10 47 28 U R VAR BB e Ak g, J s
WA THEEE (FL76 1 AHE, 700 MFEA) Pii%
B ) T e

1 #Rl5HE

1.1 #HXER

BHEAEARIA 5K 26 S ARER 2 504 A4,
POk R T T ON L 4l 0F R = B B iE 4
(1KGPhase3) ; Ml #E A 331 76 A~ AHERY 700 A
1, 44 %5 . The Allen Ancient DNA Resource
(AADR) " 1240K Version v54.1.p1 BlE4E 1 rh
P BACNHEN A, HERR AR VR A 1KGPhase3 /M4,
YEI S NHE T R s b X AN T TR
G5 % (C.C. Wang Lab) & 22 A9HR 4 [ /e
T DUGREA P02 PRI E B LR 1.

Table 1 Samples of 26 reference populations and 76 test populations

World region Population” Abbr. Samp. Source
Europe Utah residents (CEPH) with Northern and Western European ancestry CEU 99 1KGPhase3
(EUR) Finnish in Finland FIN 99 1KGPhase3

British in England and Scotland GBR 91 1KGPhase3
Iberian populations in Spain IBS 107 1KGPhase3
Toscani in Italia TSI 107 1KGPhase3
Polish in Poland T _POL 1 AADR
Czech in Czech Republic T CZE 1 AADR
Finnish in Finland® T _FIN 3 AADR
Saami in Finland® T SMF 1(1) AADR
Saami in Utsjoki, Finland T SUF 2 AADR
English in Kent, the United Kingdom (UK)” T_EKU 2 AADR
Orcadian in the UK T ocU 2 AADR
Orcadian in Orkney Islands, the UK T_00U 15 AADR
Spanish in Castilla-La Mancha, Spain T SCS 2 AADR
Bergamo in Italy T BGM 1 AADR
Italian in Northern Division, Italy T _INI 21 AADR
Sardinian in Italy T _SDI 32 AADR
Tuscan in Italy” T TSI 2 AADR
East Asia Chinese Dai in Xishuangbanna, China CDX 93 1KGPhase3
(EAS) Han Chinese in Beijing, China CHB 103 1KGPhase3
Han Chinese South CHS 105 1KGPhase3
Japanese in Tokyo, Japan JPT 104 1KGPhase3
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Continued to Table 1

World region Population” Abbr. Samp. Source
Kinh in Ho Chi Minh City, Vietnam KHV 99 1KGPhase3
Dai in China® T _DCN 14 AADR
Han in China T HCH 47 AADR
Mongolia in China T MGC n AADR
Ami in Taiwan, China T AMT 2 AADR
Atayal in Taiwan, China T ATT 1 AADR
Han in Shanxi, China® T_HSX 8 C.C. Lab
Han in Guangdong, China® T _HGD 7 C.C. Lab
Han in Guangxi, China T _HGX 37 C.C. Lab
Han in Guizhou, China T HGZ 14 C.C. Lab
Han in Sichuan, China T _HSC 7 C.C. Lab
Han in Yunnan, China T HYN 16 C.C. Lab
Han in Chongqing, China T HCQ 8 C.C. Lab
Japanese in Japan® T JPJ 29 AADR
Japanese in Tokyo, Japan® T JPT AADR
Kinh in Vietnam® T_KHV 2 AADR
Africa African Caribbean in Barbados ACB 96 1KGPhase3
(AFR) African Ancestry in Southwest US ASW 61 1KGPhase3
Esan in Nigeria ESN 99 1KGPhase3
Gambian in Western Division, The Gambia GWD 113 1KGPhase3
Luhya in Webuye, Kenya LWK 99 1KGPhase3
Mende in Sierra Leone MSL 85 1KGPhase3
Yoruba in Ibadan, Nigeria YRI 108 1KGPhase3
Esan in Nigeria® T _ESN 2 AADR
Gambian in Western Division, The Gambia® T_GWD 2 AADR
Bantu in Kenya T BTK 13 AADR
Luo in Bondo District, Kenya T LBK 2 AADR
Somali in Garissa, Kenya T SGK 1 AADR
Masai in Kinyawa, Kenya T MKK 2 AADR
Luhya in Webuye, Kenya® T LWK 2 AADR
Mende in Sierra Leone” T MSL 2 AADR
Yoruba in Nigeria® T_YRN 26 AADR
Americas Colombian in Medellin, Colombia CLM 94 1KGPhase3
(AMR) Mexican Ancestry in Los Angeles, California MXL 64 1KGPhase3
Peruvian in Lima, Peru PEL 85 1KGPhase3
Puerto Rican in Puerto Rico PUR 104 1KGPhase3
Piapoco in Colombia T _PPC 9 AADR
Huichol in Mexico® T HCM 1(1) AADR
Mayan in Mexico T MYM 24 AADR
Pima in Mexico T_PMM 15 AADR
Mixtec in San Andres Nuxino, Mexico T _MSM 2 AADR
Zapotec in San Juan Guelavia, Mexico T ZSM 2 AADR
Mixe in Tamazulapan, Mexico T MTM 2 AADR
Mixe in Oaxaca, Tamazulapan, Mexico T _MOT 1 AADR
Nahua in Zitala, Mexico T NZM 1 AADR
Aymara in Peru® T _AMP 1(1) AADR
Quechua in Peru T _Qocp 3 AADR
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Continued to Table 1

World region Population” Abbr. Samp. Source
South Asia Bengali in Bangladesh BEB 86 1KGPhase3
(SAS) Gujarati Indian in Houston, TX GIH 103 1KGPhase3
Indian Telugu in the UK ITU 102 1KGPhase3
Punjabi in Lahore, Pakistan PIL 96 1KGPhase3
Sri Lankan Tamil in the UK STU 102 1KGPhase3

Banglali in Dhaka, Bangladesh® T _BDB 2 AADR

Indian in India® T _IDI 1(1) AADR

Irula in India® T IRI 12(10) AADR

Khonda in India T _KHI 1 AADR

Bengali in India® T BGL 1) AADR

Birhor in India® T _BHI 9(9) AADR

Jarawa in India® T JRI 4(4) AADR

Onge in India® T OGI 6(6) AADR

Punjabi in India® T PJI 1) AADR

Rajput in India® T _RJI 10(10) AADR

Riang in India® T RII 10(10) AADR

Uttar Pradesh Brahmins in India® T UPB 10(10) AADR

Vellalar in India® T VLI 99) AADR

Brahmin in Visakhapatnam, India T BVI 2 AADR

Kapu in Visakhapatnam, India T KVl 2 AADR

Madiga in Visakhapatnam, India T_MDV 2 AADR

Mala in Visakhapatnam, India T MLV 2 AADR

Relli in Visakhapatnam, India T RVI 2 AADR

Yadava in Visakhapatnam, India T YVI 2 AADR

Balochi in Pakistan T BLP 26 AADR

Brahui in Pakistan T _BHP 28 AADR

Burusho in Pakistan T _BRP 26 AADR

Hazara in Pakistan® T HZP 24(3) AADR

Kalash in Pakistan T KLP 24 AADR

Mabkrani in Pakistan T _MKP 27 AADR

Pathan in Pakistan T _PTP 26 AADR

Punjabi in Lahore, Pakistan® T PJL 4 AADR

Sindhi in Pakistan T _SDpP 25 AADR

Total 3204

DTest populations for model validation are highlighted in bold and italic, others are reference populations.?The test populations overlap with the

reference population. ¥The population includes pseudo-diploid samples, with the specific number of samples noted in parentheses.
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PEARBCHR . f#FH xgboost v1.7.3 f) multi: softprob %
W7 24335, i SoftMax PRG-I A B
ToUm 0 2R, JFTH RIS ISR L
(likelihood ratio, LR) fH, £S04 FAMEZ(E
328 D TP HE AT o AR AR R P o R s R L
Fl 1, ARITSEE T HF Python BT &1 THERF, 10
i TR R A SGHE AR IR

TEFYIN A 3 T — 21 XGBoost FE AUE S 4L,
FESHAT: 22% (eta) . G550 T2 f /M
SR T A E (gamma) . A EE L2 % 1E W) Ak 37
(lambda) FI# A9 KIURE (max_depth) . 56k
T AWM SERRAE, 00 RIEHTTH
%, RIS TTRCR, RASEIK
EMeta0.007, gamma 0.1, lambda2, max_depth 12,
HHUZ%EEC (round num) % E R 1000, H
15225444100 (round num % 1/10),

Probability and LR value
to each reference population

PC, ! PC,! PC,! -

‘ . Residual
PCyy

i i i i .
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iterative
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iAAl IAG! IGGL.AGE
I S S — . ® Merge

:AG: :GG: :CCL.iAG! ¢
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Y

update Prob, LR,
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H OV XGBoost i Prob, LR,
L4 80% classification
model
PC of

* Prob,., LR,
20%

ol & Prob, LR,

7 validation set

* AG GG CC ... GG
92

Prob;=100%

L ‘ 9
) PC data set i ¢ =
Test sample (without ancestry label) after dimensionality reduction
(a) (b) () (d) (e)

Fig.1 The process of applying PCA-XGBoost model to test samples for ancestral prediction using reference dataset
(a) The reference data set includes genotype data and ancestral tags of samples in & categories at a total of 308 766 SNP sites; the test sample does not
contain ancestral tags. (b) Merge the reference set with a single test sample (take the intersection of SNP sites); retain the first 10 PC dimensions
during PCA dimensionality reduction. (c) The data obtained after dimensionality reduction includes the values on each PC and the ancestral label of
the reference sample. (d) Use the 10-dimensional PC information as the feature input of the XGBoost classification model, and use the training set
and verification set to iterate to establish the model. (e) Predict the test sample, and the final model output predicts the probability value and LR value

of each reference population.

1.5 PCA-XGBoostiEE! {iE(h FRARL P 25 S PEA T B T gt R S H

BT S 2B T 7% . ] pandas v
1.5.3 fu Fll scikit-learn v1.2.1, % ABELH], KA 10
P15 3k NS5 080 4 PRI B 10% FEASHE R
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FIAZE R (B12),

SCAHIE A (O RNBRIZ AR, IF8eit
S — 5 T 45 S 0 Y A 25 R0 EE T LR B T v A
R, Hob, LR E 2% — 07 B I 45 2R 25 51
(category of the first prediction result, IstPred) Xf
N A ZEMH (1stProb) 555 x o iy I3 0 45 5 2 1)
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Fig. 2 Sample division of reference dataset and model testing based on reference dataset

According to the proportion of the population, 10% of the samples are selected as the test set; the 10% test result covers every reference sample.
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Total number of test samples

’

A2 F BH PE 70 {E (positive predictive value,
PPV), Hffijit IstPred HERGH
b. — 2 % (consistency rate based on LR,
Number of CC
Total number of test samples’
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Fie B85 225 N BRSBTS R 75 A [ 17
B, K 700 ANTAFEAR SN 43 2, A B LT
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Fig. 3 PCA based on the first 5 PCs of 307 866 SNPs for 2 504 individuals from 26 reference populations

The explained variance (EV) of the corresponding dimension is noted in the brackets next to the coordinate axis.
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2.2 PCA-XGBoost#&E 3 51T
K H "I 10 4> PC %) 4 ¥y 2 5 Al
XGBoost 158 ), Y R A FE A B 0 328 v A 1k 2%

(10PC-

SO W 2 R 3. IR JZ YR AR AR B 25— A7 i)
HERR R (IstAce) . —BF (Cons,,) H1fE#f K
(Acc,) HIikE|98% LA I Hidr, SEMEEARTE3IA

Table 2 Inferential results of 10PC—XGBoost model based on reference dataset at the continental level

TRUE\PRED EUR EAS AFR AMR SAS Total IstAcc/% Acc /% Err /%
Cons, /% Ince, /%
EUR 503 (2) 503 100 99.60 0.40 0
EAS 504 (0) 504 100 100 0 0
AFR 657 (1) 4(2) 661 99.39 99.24 0.45 0.30
AMR 2(2) 3(1) 342 (1) 347 98.56 98.27 1.15 0.58
SAS 489 (0) 489 100 100 0 0
Total 2504 99.64 99.48 0.36 0.16

The number in each grid represents the number of samples predicted for the corresponding continent, and the number in parentheses represents the

number of samples in which the result belongs to inconclusive conclusion (IC).

Table 3 Inferential results of 10PC-XGBoost model based on reference dataset at the population level

TRUE/PRED Accurate Other POP POP in other Total IstAcc/% Acc /% Err, /%
POP within continent continents Cons, /%  Incc /%
EUR CEU 53 (48) 46 (43) 0 99 53.54 5.05 91.92 3.03
FIN 99 (0) 0 0 99 100 100 0 0
GBR 48 (46) 43 (41) 0 91 52.75 2.20 95.60 2.20
IBS 105 (5) 2(2) 0 107 98.13 93.46 6.54 0
TSI 104 (5) 3(3) 0 107 97.20 92.52 7.48 0
EAS CDX 88 (7) 5(2) 0 93 94.62 87.10 9.68 3.23
CHB 80 (10) 23 (14) 0 103 77.67 67.96 23.30 8.74
CHS 96 (47) 9(6) 0 105 91.43 46.67 50.48 2.86
JPT 104 (1) 0 0 104 100 99.04 0.96 0
KHV 94 (7) 5(5) 0 99 94.95 87.88 12.12 0
AFR ACB 91 (13) 5(3) 0 96 94.79 81.25 16.67 2.08
ASW 53 (13) 5(5) 3(1) 61 86.89 65.57 31.15 3.28
ESN 93 (14) 6(2) 0 99 93.94 79.80 16.16 4.04
GWD 112 (2) 1(0) 0 113 99.12 97.35 1.77 0.88
LWK 99 (0) 0 0 99 100 100 0 0
MSL 84 (1) 1(1) 0 85 98.82 97.65 2.35 0
YRI 96 (11) 12 (8) 0 98 88.89 78.70 17.59 3.70
AMR CLM 78 (34) 15(12) 1(0) 94 82.98 46.81 48.94 4.26
MXL 34 (18) 29 (21) 1(1) 64 53.13 25.00 62.50 12.50
PEL 77 (14) 7(5) (1) 85 90.59 74.12 23.53 2.35
PUR 96 (8) 4(2) 4(2) 104 92.31 84.62 11.54 3.85
SAS BEB 81 (5) 5(5) 0 86 94.19 88.37 11.63 0
GIH 87 (9) 16 (9) 0 103 84.47 75.73 17.48 6.80
ITU 67 (42) 35(29) 0 102 65.69 24.51 69.61 5.88
PJL 82 (32) 14 (12) 0 96 85.42 52.08 45.83 2.08
STU 78 (54) 24 (19) 0 102 76.47 23.53 71.57 4.90
Total 2504 87.02 69.21 27.96 2.84

The number in each grid represents the number of samples predicted for the corresponding category, and the number in parentheses represents the

number of samples in which the result belongs to inconclusive conclusion (IC).
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Table 4 Inferential results of 40PC—XGBoost model based on reference dataset at the continental level

TRUE\PRED EUR EAS AFR AMR SAS Total  1stAcc/% Acc,z/% Err, /%
Cons, /%  Incc p/%
EUR 503 (2) 503 100 99.60 0.40 0
EAS 504 (0) 504 100 100 0 0
AFR 657 (1) 4(2) 661 99.39 99.24 0.46 0.30
AMR 2(2) 3(1) 342 (1) 347 98.56 98.27 1.15 0.58
SAS 489 (0) 489 100 100 0 0
Total 2504 99.64 99.48 0.36 0.16

The number in each grid represents the number of samples predicted for the corresponding continent, and the number in parentheses represents the

number of samples in which the result belongs to inconclusive conclusion (IC).
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Table 5 Inferential results of 40PC-XGBoost model based on reference dataset at the population level

TRUE\PRED Accurate POP  Other POP within ~ POP in other Total IstAcc/% Acc /% Err, /%
continent continents Cons, /%  Incc /%
EUR CEU 66 (57) 33 (30) 0 99 66.67 9.09 87.88 3.03
FIN 99 (0) 0 0 99 100 100 0 0
GBR 59 (47) 32(29) 0 91 64.84 13.19 83.52 3.30
1BS 107 (5) 0 0 107 100 95.33 4.67 0
TSI 106 (4) 1(1) 0 107 99.07 95.33 4.67 0
EAS CDX 91 (4) 2(0) 0 93 97.85 93.55 4.30 2.15
CHB 81 (12) 22 (15) 0 103 78.64 66.99 26.21 6.80
CHS 94 (47) 11 (9) 0 105 89.52 44.76 53.33 1.90
JPT 104 (1) 0 0 104 100 99.04 0.96 0
KHV 96 (4) 3(3) 0 99 96.97 92.93 7.07 0
AFR ACB 92 (14) 4(3) 0 96 95.83 81.25 17.71 1.04
ASW 56 (20) 2(2) 3(D) 61 91.80 59.02 37.70 3.28
ESN 93 (18) 6(2) 0 99 93.94 75.76 20.20 4.04
GWD 112 (0) 1(1) 0 113 99.12 99.12 0.88 0
LWK 99 (0) 0 0 99 100 100 0 0
MSL 84 (4) 1(1) 0 85 98.82 94.12 5.88 0
YRI 101 (12) 7(2) 0 98 93.52 82.41 12.96 4.63
AMR CLM 94 (9) 0 1(0) 94 100 90.43 9.57 0
MXL 62 (8) 0 2(2) 64 96.88 84.38 15.63 0
PEL 84 (3) 0 1(1) 85 98.82 95.29 4.71 0
PUR 100 (1) 0 4(4) 104 96.15 95.19 4.81 0
SAS BEB 85 (6) 1(1) 0 86 98.84 91.86 8.14 0
GIH 86 (11) 17 (13) 0 103 83.50 72.82 23.30 3.88
ITU 87 (28) 15 (12) 0 102 85.29 57.84 39.22 2.94
PJL 85 (25) 11 (11) 0 96 88.54 62.50 36.46 1.04
STU 89 (32) 13.(9) 0 102 87.25 55.88 40.20 3.92
Total 2504 92.33 77.48 20.89 1.64

The number in each grid represents the number of samples predicted for the corresponding category, and the number in parentheses represents the

number of samples in which the result belongs to inconclusive conclusion (IC).
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Fig. 5 The accuracy of the model based on different numbers of PCs (1 000 training rounds) and the 40PC-XGBoost model

with different training rounds at the population level

Table 6 Inferential results of 40PC—XGBoost model based on test dataset at the continental level

TRUE\PRED EUR EAS

AFR AMR SAS Total  IstAcc/% Acc /% Err, /%
Cons, /%  Incc /%
EUR 84 (3) 1(1) 85 98.82 95.29 4.71 0
EAS 204 (0) 204 100 100 0 0
AFR 52 (0) 52 100 100 0 0
AMR 61 (5) 61 100 91.80 8.20 0
SAS 10 (0) 25(23) 11 (11) 251 (56) 298 84.23 65.44 23.83 10.74
Total 700 93.14 84.00 11.43 4.57

The number in each grid represents the number of samples predicted for the corresponding continent, and the number in parentheses represents the

number of samples in which the result belongs to inconclusive conclusion (IC).
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Table 7 Inferential results of 40PC—-XGBoost model based on test dataset at the population level

TRUE\PRED Target Accurate Other POP POP in other Total  1stAcc/% Acc /% Err, /%
POP POP within continent  continents Cons, /% Incc, /%

EUR T_FIN FIN 3(0) 0 0 3 100 100 0 0
T_EKU GBR 2(0) 0 0 2 100 100 0 0
T TSI TSI 2(0) 0 0 2 100 100 0 0
EAS T _DCN CDX 14 (0) 0 0 14 100 100 0 0
T _HSX CHB 8(0) 0 0 8 100 100 0 0
T_HGD CHS 7(3) 0 0 7 100 57.14 42.86 0
T JPJ+T JPT JPT 30 (0) 0 0 30 100 100 0 0
T _KHV KHV 0 2(1) 0 2 0 0 50 50
T ESN ESN 2(0) 0 0 2 100 100 0 0
AFR T_GWD GWD 2(0) 0 0 2 100 100 0 0
T LWK LWK 1(1) 0 0 2 100 0 0 0
T _MSL MSL 1(1) 1(1) 0 2 50 0 100 0

T_YRN YRI 15 (6) 11 (4) 0 26 57.69 34.62 38.46 26.92
SAS T BDB BEB 2(1) 0 0 2 100 50 50 0
T PJL PJL 303) 0 0 4 75 0 100 0

Total 108 86.11 73.15 19.44 7.41

The number in each grid represents the number of samples predicted for the corresponding category, and the number in parentheses represents the

number of samples in which the result belongs to Inconclusive Conclusion (IC).
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Fig. 6 Result of 1stAcc of test populations by 40PC-XGBoost model

Bars depicts correct results at country or regional level (light color), intercontinental level (dark) and incorrect results of other continents (white).
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Abstract Objective The inference of biogeographical ancestry (BGA) using DNA is a significant focus within
anthropology and forensic science. Current methods often utilize dozens of ancestry-informative SNPs, employing
principal component analysis (PCA) and likelihood ratios (LR) to ascertain individual ancestries. Nonetheless, the
selection of these SNPs tends to be population-specific and shows limitations in population differentiation. With
the development of high-throughput sequencing technologies, acquiring high-density SNP datasets has become
easier, challenging traditional statistical models which are often reliant on prior assumptions and struggle with
high-density genetic data. The integration of machine learning, which prioritizes data learning and algorithmic
iteration over prior knowledge, has propelled forward new developments in BGA research. This study aims to
construct a BGA inference model suitable for high-density SNP data, characterized by broad population
applicability, higher accuracy, and strong generalization capabilities. Methods Initially, intersection sites of
autosomes from the phase III data of the 1000 Genomes Project and commonly used commercial chips were
selected to build a reference dataset after thorough site quality control and filtering. This dataset was analyzed
using PCA and ADMIXTURE to study population clustering, ancestral component mixing, and genetic
substructures. Utilizing spaces of different principal component (PC), combinations, this study visually assessed
the PCs’ capabilities to differentiate between continental and intercontinental populations. Following this, the
study employed the supervised learning classification model XGBoost, establishing a multidimensional PC-based
PCA-XGBoost model with hyperparameters set through ten-fold cross-validation and a greedy strategy.
Subsequently, the model was optimized and evaluated based on the LR, considering accuracy and runtime to
determine the optimal number of PCs and training rounds, culminating in the study’s optimal BGA inference
model. Finally, the performance of the model was subsequently validated at national and regional levels using test
sets from other public data to assess its post-optimization generalization capabilities. Results The reference
dataset created contains 307 866 SNP sites. Top PCs reflect varying levels of population differentiation
capabilities, with some PCs showing population specificity. Under smaller K values in ADMIXTURE results,
genetic ancestral components between continents are elucidated, while larger K values reveal some specific
ancestral components of certain populations within continents. The number of PCs and training rounds
significantly affect the classification accuracy and efficiency of the XGBoost supervised model. With LR-based
evaluation methods, the optimized PCA-XGBoost model achieved a continental prediction accuracy of over 98%
in the reference set. For subcontinental population levels within the continents, the model achieved an accuracy of
over 95% in the reference set and over 90% in the test set. Conclusion The reference dataset effectively
represents the genetic substructures of populations at selected sites. Information derived from PC dimensions
significantly aids in population differentiation and inference issues, and incorporating more PC dimensions as
features in supervised learning models can increase the accuracy of BGA inference. The model of this study is
suitable for high-density SNP data and is not confined to specific regional populations, offering enhanced
population-wide applicability. Compared to previous ancestry inference models, the optimized PCA-XGBoost
model demonstrates high intercontinental population predictive accuracy. LR-based evaluation methods further
enhance the reliability of predictions. Additionally, the model’s strong generalization capabilities suggest that

updating the reference population data could enable more detailed population analysis and inference.
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