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ABSTRACT
Background Drug absorption, distribution, metabolism
and excretion (ADME) contribute to the high
heterogeneity of drug responses in humans. However,
the same standard for drug dosage has been applied to
all populations in China although genetic differences in
ADME genes are expected to exist in different ethnic
groups. In particular, the ethnic minorities in
northwestern China with substantial ancestry
contribution from Western Eurasian people might violate
such a single unified standard.
Methods In this study, we used Affymetrix SNP Array
6.0 to investigate the genetic diversity of 282 ADME
genes in five northwestern Chinese minority populations,
namely, Tajik, Uyghur, Kazakh, Kirgiz and Hui, and
attempted to identify the highly differential SNPs and
haplotypes and further explore their clinical implications.
Results We found that genetic diversity of many ADME
genes in the five minority groups was substantially
different from those in the Han Chinese population.
For instance, we identified 10 functional SNPs with
substantial allele frequency differences, 14 functional
SNPs with highly different heterozygous states and eight
genes with significant haplotype differences between
these admixed minority populations and the Han
Chinese population. We further confirmed that these
differences mainly resulted from the European gene flow,
that is, this gene flow increased the genetic diversity in
the admixed populations.
Conclusions These results suggest that the ADME
genes vary substantially among different Chinese ethnic
groups. We suggest it could cause potential clinical risk
if the same dosage of substances (eg, antitumour drugs)
is used without considering population stratification.

INTRODUCTION
Efficacy and safety are among the most important
considerations in the discovery and application of
drugs. Both are associated with drug metabolism
and transportation. To serve their therapeutic
effects, drugs in the body must be absorbed, distrib-
uted, transported and bound to targets. The tox-
icity and safety of drugs are determined by their
timely metabolism into water-soluble substances
and excretion.1 2 The diversity of drug absorption,
distribution, metabolism and excretion (ADME)
genes that encode drug-metabolising enzymes is
one of the important factors affecting drug efficacy
and safety.

Genetic studies have revealed that different popu-
lations have different genetic structures because of
their complex demographic histories.3 Genetic differ-
ences in ADME genes are also expected to exist in
different ethnic groups.4 For instance, CYP3A4 and
CYP3A5, which metabolise an estimated 50% of the
currently used drugs, exhibit significant genetic dif-
ferences between Africans and non-Africans,5 and
CYP1A2, which mainly metabolises antidepressants,
exhibits substantial genetic difference between
Europeans and other populations.6 It was found the
NAT2 gene, which is involved in detoxification of a
large number of chemicals, and its variants associated
with slow metabolism are more prevalent in East
Asians than in other populations.7 We previously
investigated the genetic diversity of ADME genes on
a worldwide scale;8 ancestral information was also
found to influence the genetic variations of ADME
genes in global populations,9 and population specific
alleles of ADME genes were discovered to be asso-
ciated with gene expression level.10 These results
suggest that the population difference of ADME
genes could affect the clinic decision-making in dif-
ferent populations. However, most developing coun-
tries follow the US FDA/European Medicines Agency
guidelines, while using the same therapeutic drug
dosages among different populations without consid-
ering that the variation of ADME genes could be a
potential clinical risk.
The clinical risk of drug response heterogeneity

is also present in countries with multiple ethnic
groups because of population stratification.11 For
instance, the Han Chinese comprises 98% of the
total population in China. Population sizes of the
other 55 minority groups vary from thousands to
millions; some of these ethnic groups differ sub-
stantially from the Han Chinese in terms of mor-
phological and genetic characteristics. For example,
the Uyghur (UIG) population, the largest minority
group in northwestern China, differs significantly
from the Han Chinese in terms of facial features
and has approximately 55% European genetic com-
ponents.12 13 Similar to UIG, the ethnic groups
Tajik (TJK), Kirgiz (KGZ), Kazakh (KZK) and Hui
(HUI) are also highly distinguishable from both
current Europeans and East Asians due to their
multiple ancient genetic sources.14 15 The differ-
ences in genetic structures between admixed popu-
lations and their ancestral source populations (ie,
Europeans and East Asians) might also affect the
heterogeneity of drug responses.16
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In reality, most people from minority groups are reluctant to
participate in clinical tests involving pharmacodynamic and
pharmacokinetic studies. Hence, the national dosage standard of
China has been mostly determined based on clinical studies in
Han Chinese population. This procedure ignores the genetic dif-
ference between the minority groups and the Han Chinese.
Therefore, it is important and urgent to explore the types of
medicines that could elicit different drug responses between the
minority groups and the Han Chinese. The genetic differenti-
ation of ADME genes between these populations and the Han
Chinese should be considered as a fundamental factor.
However, systematical pharmacogenetic studies on these popula-
tions are very limited. The present study is the first effort to
investigate the diversity patterns of ADME genes between the
five northwestern Chinese populations (TJK, UIG, KZK, KGZ
and HUI) and Han Chinese in Beijing (CHB). The clinical impli-
cations of these genetic variations in drug safety and efficacy are
also discussed.

METHODS AND MATERIALS
Genetic variation data
DNA samples of 47 TJK, 42 UIG, 45 KZK and 46 KGZ were
collected from the Xinjiang Uyghur Autonomous Region in
China, whereas DNA samples of 30 HUI were collected from
the Ningxia Hui Autonomous Region in China. All procedures
were followed in accordance with the ethical standards of the
ethics committee of Fudan University and the Helsinki
Declaration of 1975, as revised in 2000.

The genotyping data of five HapMap III17 population
samples (181 Yoruba in Ibadan (YRI), 183 Utah residents with
Northern and Western European ancestry (CEU), 91 Toscani in
Italia (TSI), 89 CHB and 91 Japanese in Tokyo (JPT)) were
included in this study. The full sequencing data of 181 CEU and
89 CHB samples obtained from The 1000 Genomes Project18

were also included.

Genotyping and data filtering
Genotyping using the Affymetrix Genome-Wide Human SNP
Array 6.0 was performed according to the ‘48 Sample Protocol’
(Affymetrix, Genome-Wide Human SNP Nsp/Sty 6.0 User
Guide, Rev. 3, 2008, P/N 702504). The raw intensity data were
analysed with Birdsuite V.1.5.3.19 After excluding the indivi-
duals with genotyping call rate below 90%, SNPs with missing
data >10% individuals and SNPs that failed the Hardy–
Weinberg equilibrium test (p<0.0001) within each population,
we acquired 893 949 autosomal SNPs for further studies.

Phasing and merging datasets
The genotyping data were further phased with fastPHASE20 and
merged with PLINK21 into the haplotype data of the five popu-
lations (CEU, TSI, CHB, JPT and YRI) from HapMap III
dataset, and non-overlapping SNPs were removed. The merged
dataset consisted of haplotypes for 833 658 SNPs in 845 indivi-
duals from 10 populations.

ADME genes
The ADME gene lists were obtained from the PharmaADME
database (http://www.pharmaadme.org/). After excluding the
genes located on sex chromosomes and with less than three
polymorphic sites in our data, 32 core ADME genes and 250
extended ADME genes were acquired. According to
PharmaADME database, ADME core genes are defined as the
most important genes in drug metabolism, while ADME
extended genes also play roles in drug metabolism but are

relatively not essential as those core genes. Gene coordinate
information was obtained from the RefSeq database,22 and
10 kb upstream and downstream of each gene were included.

Functional annotations of SNPs and haplotypes
The functional effects of each SNP from each ADME gene were
obtained based on the variance effect prediction tools from the
Ensemble database.23 Here, the functional SNPs were defined as
non-synonymous variations or splice sites annotated in
Ensemble or variations affecting gene expression annotated in
RegulomeDB dataset,24 and the associated SNPs were defined as
those that have been reported to be directly associated with
drug response/dose as collected and annotated in the
PharmGKB database.25 Therefore, we classified the SNPs into
four categories: (1) FASS: functional SNPs with association
reported; (2) FNAS: functional SNPs but without association
reported yet; (3) NFASS: having been reported association but
not found precise function yet; and (4) NFNAS: no functional
and without reported association currently.

Structure and local ancestry inference of admixed
populations
STRUCTURE (V.2.3)26 was used to infer the population struc-
ture. Here, each STRUCTURE analysis was run with 100 000
burn-ins and 100 000 iterations. The local ancestry inference of
each admixed population was estimated with HAPMIX.27 The
prior ancestry proportions of five admixed populations were
obtained from the STRUCTURE results, and other parameters
were set as default. We also obtained the local ancestral compo-
nents of each gene based on the HAPMIX’s results.

Imputing allele frequencies of admixed populations
The expected allele frequencies in the five admixed populations
could be imputed from their putative ancestral source popula-
tions, that is, CEU and CHB, as follows:

fCNW;exp ¼ fCEU � rEur þ fCHB � ð1� rEurÞ

where fCEU and fCHB denote the derived allele frequency of
each locus in CEU and CHB, respectively, ρEur represents the
contribution of the European ancestry in each locus, and CNW
represents one of the five admixed populations.

Statistical and population genetic analyses
Principal component analysis (PCA) was performed at the indi-
vidual level using EIGENSOFT V.3.0.28 Analysis of molecular
variance (AMOVA) and FST calculations were performed with
Arlequin 3.5.29 Particularly, the FST of SNPs were calculated fol-
lowing Weir and Cockerham,30 while the FST of genes were the
average F-statistic over loci. The significance of a gene’s FSTwas
measured with permutation test by randomly shuffling indivi-
duals among populations. The empirical p values were also cal-
culated for each gene’s FST and each SNP’s FST by comparing
the FST values of 500 randomly selected genes and all autosomal
SNPs, respectively.

The populations studied in this work had different sample
sizes. Hence, we randomly sampled 30 individuals from each
population and calculated the expected heterozygosity (He) on
all loci of 282 ADME genes for each population. For each
ADME core gene, the significance of haplotype diversity (Hd)
among populations was assessed with permutation test by ran-
domly resampling individuals among populations.31

2 Li J, et al. J Med Genet 2014;0:1–9. doi:10.1136/jmedgenet-2014-102530

Functional genomics

 on M
ay 22, 2023 by guest. P

rotected by copyright.
http://jm

g.bm
j.com

/
J M

ed G
enet: first published as 10.1136/jm

edgenet-2014-102530 on 29 July 2014. D
ow

nloaded from
 

http://www.pharmaadme.org/
http://www.pharmaadme.org/
http://jmg.bmj.com/


Selection signal detection
The integrated haplotype score (iHS) and composite likelihood
ratio (CLR) tests were used to detect signals of recent positive
selection. The unstandardised iHS scores were calculated by iHS.32

The CLR scores were calculated using SweepFinder.33 We calcu-
lated the iHS score and CLR score for each SNP at whole auto-
somal regions, and identified top SNPs with top 1% highest scores.
The selection candidates were identified with at least three top
SNPs found in genes including 10 kb upstream and downstream.

RESULTS
Population differences in ADME genes
PCA was used to depict the differences in ADME genes among
two European groups (CEU and TSI), two East Asian groups
(CHB and JPT) and five minority groups in northwestern China
(HUI, KGZ, KZK, UIG and TJK), as shown in figure 1. The
principal components (PC) plot based on data of ADME gene
regions showed very similar patterns to that of whole genome
data (see online supplementary figure S1). This result indicates
the presence of clear population stratification among the three
groups (Europeans, East Asians and five northwestern Chinese
populations). PC1 (accounting for 47.4% of the total genetic
variances) clearly showed that the five minority populations
were different from Europeans and East Asians. Especially, these
populations were intermediate to Europeans and East Asians.
PC2 (accounting for 5% of the total genetic variances) also
separated the five minority populations from both Europeans
and East Asians. The relative positions of the five minority
populations in the PC plot reflect their genetic relationship; as
shown in figure 1, HUI is very close to CHB and JPT; TJK is
closer to CEU and TSI than to East Asians; and KZK, KGZ and
UIG are very close to each other and intermediate to the other
populations.

FST value was calculated for each ADME gene to further quan-
tify the differences in ADME genes among different populations.
The results of 32 ADME core genes are listed in table 1. Except
for CYP2B6, GSTM1 and TPMT, the other 29 ADME core genes
had extremely different FST values (permutated p value <0.01)
among different populations, suggesting that most of the ADME

core genes differ substantially among the studied populations.
Compared with 500 randomly selected genes, though the p
values of most of ADME genes and random genes are very small
(see online supplementary figure S2A), the distribution of FST
values of ADME core genes was shifted to higher values com-
pared with random genes, as shown in online supplementary
figure S2B. Notably, the FST values of CYP1A1 and CYP1A2 are
higher than top 1% threshold (0.112), and the FST of CYP3A4,
CYP3A5 and NAT2 are higher than top 5% threshold (0.101).

AMOVA was used to further investigate the genetic variations
of ADME core genes among populations, as shown in table 1
and online supplementary table S1. Compared with 500 ran-
domly selected genes from the whole genome, CYP1A1,
CYP1A2, CPY3A4, CYP3A5 and NAT2 exhibited higher varia-
tions among the three groups (Europeans, East Asians and
northwestern Chinese) than top 1% threshold (7.34%), whereas
SLC15A2 exhibited higher variation between populations within
group than top 1% threshold (4.97%). The AMOVA results
confirm that some ADME genes vary significantly among differ-
ent populations compared with randomly selected genes.

Identification of highly differentiated functional/associated
SNPs in ADME genes
Pharmacogenetic studies focus on the genetic diversity patterns
of functional SNPs, that is, the variants that serve important

Figure 1 Principal component analysis for 664 individuals from nine
populations based on 5462 SNPs from the regions of 282 absorption,
distribution, metabolism and excretion genes.

Table 1 AMOVA for 32 absorption, distribution, metabolism and
excretion core genes based on all SNPs in each gene region in three
groups: Europeans (CEU and TSI), East Asians (CHB and JPT) and five
ethnic groups in northwestern China (TJK, UIG, KZK, KGZ and HUI)

Type Gene

Variant (%)

FST p Value
Between
group

Within
group

Within
populations

Phase I CYP1A1 20.43 4.70 74.87 0.251 0.0000
CYP1A2 9.52 1.99 88.49 0.115 0.0000
CYP2A6 −1.41 2.43 98.98 0.010 0.0020
CYP2B6 1.18 −0.28 99.10 0.009 0.0176
CYP2C8 3.70 1.29 95.01 0.050 0.0000
CYP2C9 2.82 1.05 96.13 0.039 0.0000
CYP2C19 1.31 1.12 97.57 0.024 0.0000
CYP2D6 4.49 1.34 94.17 0.058 0.0000
CYP2E1 5.99 0.47 93.53 0.065 0.0000
CYP3A4 11.10 −0.46 89.36 0.106 0.0000
CYP3A5 11.24 −0.53 89.29 0.107 0.0000
DPYD 1.50 1.90 96.60 0.034 0.0000

Phase II GSTM1 −0.53 1.10 99.43 0.006 0.0616
GSTP1 5.59 1.39 93.03 0.070 0.0000
GSTT1 3.32 4.21 92.47 0.075 0.0000
NAT1 5.42 0.38 94.20 0.058 0.0000
NAT2 7.37 2.90 89.73 0.103 0.0000
SULT1A1 4.55 0.90 94.56 0.054 0.0000
TPMT 1.35 −0.41 99.06 0.009 0.0166
UGT1A1 1.04 3.48 95.48 0.045 0.0000
UGT2B7 3.27 1.04 95.69 0.043 0.0000
UGT2B15 −1.01 2.88 98.13 0.019 0.0000
UGT2B17 3.58 −0.73 97.15 0.029 0.0010

Transporter ABCB1 6.30 1.35 92.36 0.076 0.0000
ABCC2 0.85 1.81 97.34 0.027 0.0000
ABCG2 2.90 1.70 95.40 0.046 0.0000
SLC15A2 1.21 5.24 93.54 0.065 0.0000
SLC22A1 3.11 1.90 95.00 0.050 0.0000
SLC22A2 1.98 0.36 97.66 0.023 0.0000
SLC22A6 4.31 0.96 94.73 0.053 0.0000
SLCO1B1 6.81 3.02 90.17 0.098 0.0000
SLCO1B3 2.48 1.50 96.02 0.040 0.0000

HUI, Hui; KGZ, Kirgiz; KZK, Kazakh; TJK, Tajik; UIG, Uyghur.
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functions in drug response heterogeneity. In the present study,
we used public annotation databases, including PharmGKB,
RegulomeDB and Ensemble, to classify all SNPs into four cat-
egories as described in Methods and materials section.

From our dataset, we found 70 functional/associated (FASS,
FNAS and NFASS) SNPs in the ADME core genes and 543 func-
tional/associated SNPs in the ADME extended genes. Among
those SNPs, four highly differentiated functional/associated
SNPs (one FAAS and three NFASS SNPs) were identified in the
ADME core genes, and another six (one FASS, two FNAS and
three NFASS SNPs) were identified in the ADME extended
genes, as shown in table 2. These SNPs with high FST values
might lead to heterogeneity in drug response. For instance, com-
pared with ancestral allele (A), the derived allele (C) of the
rs2235047 SNP (NFASS) from the ABCB1 gene has higher cor-
relation with increased likelihood of cardiotoxicity upon expos-
ure to anthracyclines.34 The derived allele (also the risk allele C)
of this SNP is in the highest frequency in CHB (0.500) and the
lowest frequency in CEU (0.008). Accordingly, in the five north-
western Chinese groups with different ancestry contributions
from eastern (CHB) and western (CEU) populations, the allele
frequency of rs2235047 varies from HUI (0.383) to TJK
(0.075). These results suggested that the metabolism of ABCB1

substrates, such as anthracyclines, leads to different distribution
of phenotypes among those populations.

Of the 10 functional/associated SNPs with substantial fre-
quency differences (table 2), the FASS SNPs (rs1208 and
rs1056838) could be directly considered as markers for the het-
erogeneity of drug response, and the six NFASS SNPs could be
tagged with undetected functional SNPs, although they could
also be regarded as potential biomarker because of the reported
associations. Furthermore, the two FNAS SNPs might be inform-
ative for future clinic verifications since they could affect the
protein structures of related enzymes.

Functional/associated SNPs with different heterozygous
states among populations
Apart from the SNPs with extremely different frequencies
among different populations, variants with highly different het-
erozygous states are also important in clinical studies. As shown
in table 3, 14 functional/associated SNPs (five FASS, four FNAS

and five NFASS SNPs) with low heterozygous states were present
in the Han Chinese population (He<5%); however, high het-
erozygous states were present in the other populations
(He>15%). For instance, with respect to the intronic mutation
rs7089580 (NFASS) in CYP2C9 (11809A>T), patients with both

Table 2 Highly differentiated functional SNPs with FST ranking top 1% of all autosomal SNPs (empirical p<0.01)

rsID Gene FST f_CHB f_HUI f_KGZ f_KZK f_UIG f_TJK f_CEU Function Type Substrate

rs2235047 ABCB1 0.235 0.500 0.383 0.207 0.278 0.119 0.075 0.008 Intron NFASS Anthracyclines
rs2470890 CYP1A2 0.225 0.118 0.250 0.196 0.267 0.262 0.170 0.656 Synonymous NFASS Paroxetine
rs1799929 NAT2 0.157 0.023 0.033 0.087 0.111 0.333 0.160 0.410 Synonymous NFASS Isoniazid
rs1208 NAT2 0.133 0.023 0.067 0.120 0.100 0.310 0.266 0.399 Non-synonymous FAAS Isoniazid
rs4148323 UGT1A9 0.107 0.214 0.183 0.141 0.244 0.143 0.011 0.000 Non-synonymous NFASS Irinotecan
rs17822931 ABCC11 0.479 0.107 0.966 0.900 0.717 0.589 0.255 0.417 Non-synonymous FNAS –

rs2066714 ABCA1 0.238 0.869 0.275 0.233 0.576 0.556 0.692 0.548 Non-synonymous FNAS –

rs1056836 CYP1B1 0.125 0.522 0.921 0.800 0.826 0.733 0.819 0.810 Non-synonymous FASS Taxanes
rs12418 CHST3 0.112 0.489 0.101 0.183 0.196 0.378 0.223 0.238 30_UTR NFASS Docetaxel
rs4148945 CHST3 0.108 0.486 0.101 0.200 0.196 0.378 0.234 0.238 30_UTR NFASS Docetaxel

HUI, Hui; KGZ, Kirgiz; KZK, Kazakh; TJK, Tajik; UIG, Uyghur.

Table 3 Highly differentiated heterozygous state of functional SNPs. Listed below are the SNPs with low heterozygosity in Han Chinese
population (<5%) but high heterozygosity (>15%) in at least one of the five northwestern Chinese populations

rsID Gene
He_CHB
(%)

He_HUI
(%)

He_KGZ
(%)

He_KZK
(%)

He_UIG
(%)

He_TJK
(%)

He_CEU
(%) Function Type Substrate

rs9282564 ABCB1 2.20 6.4 0.0 4.3 11.2 13.8 18.6 Non-synonymous FASS Bisantrene
rs2235040 ABCB1 6.50 15.3 4.3 8.5 15.3 19.0 26.3 Intron_variant NFASS Amitriptyline
rs7089580 CYP2C9 4.40 6.4 14.1 14.3 19.1 19.0 34.8 Intron_variant NFASS Warfarin
rs1799929 NAT2 4.40 6.4 15.9 19.8 44.4 26.8 48.4 Synonymous NFASS Isoniazid
rs1208 NAT2 4.40 12.4 21.1 18.0 42.7 39.0 48.0 Non-synonymous FAAS Isoniazid
rs1344279 SLC15A2 9.60 15.3 14.1 23.1 35.0 31.0 32.6 Intron FNAS –

rs11045819 SLCO1B1 1.10 0.0 0.0 8.5 9.1 20.7 30.3 Non-synonymous FASS Fluvastatin
rs7435335 UGT2B7 5.50 3.3 12.2 6.4 21.0 32.3 28.1 Intron_variant FNAS –

rs17822931 ABCC11 6.50 18.0 40.5 48.4 48.6 38.0 19.0 Non-synonymous FNAS –

rs4773866 ABCC4 8.60 6.4 2.2 10.5 21.0 25.4 15.0 Intron NFASS –

rs1800440 CYP1B1 2.20 3.3 15.9 23.1 36.3 45.6 30.6 Non-synonymous FASS Capecitabine
rs41507953 EPHX2 1.10 0.0 2.2 6.4 9.1 22.3 15.5 Non-synonymous FNAS –

rs4253778 PPARA 0.00 3.3 12.2 4.3 21.0 13.8 31.3 Intron_variant NFASS Fenofibrate
rs1801282 PPARG 8.60 15.3 15.9 19.8 13.3 32.3 19.0 Non-synonymous FASS Pioglitazone

HUI, Hui; KGZ, Kirgiz; KZK, Kazakh; TJK, Tajik; UIG, Uyghur.
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the TA and TT genotypes require higher doses of warfarin than
patients with the AA genotype.35 At this variation, the expected
heterozygosity in CHB is 4.4%, whereas in both UIG and TJK
it is ≥19.0%. The results of FST screening indicate that the allele
frequency differentiation of these SNPs among different
Chinese ethnic groups is not significant compared with the
entire genome (FST=0.061). However, the great difference of
heterozygosity of rs7089580 might indicate more complexity
drug responses among the Chinese minority groups compared
with Han Chinese, which could lead to unpredicted clinical risk
for the drugs listed in table 3.

The 14 functional/associated SNPs with extremely different
heterozygous states listed in table 3 could affect response het-
erogeneity of a broad range of drugs. Examples of drugs that
could be affected include the antitumour drugs bisantrene and
capecitabine, the antituberculosis drug isoniazid, the anticoagu-
lant drug warfarin, and the hypercholesterolaemia treatment
drugs fluvastatin and fenofibrate. Therefore, different dosages
should be considered for these drugs and their related substrates
due to population stratification.

Identification of highly differentiated functional/associated
haplotypes in ADME genes
In pharmacogenetic studies, the clinical phenotypes of drug
metabolism are more likely to be determined by haplotypes
which are composed of functional/associated variants rather
than by single independent SNPs. Table 4 shows the diversity of
clinical haplotypes of 18 genes with at least three functional/
associated SNPs from our genotyping data among the five
minority populations and their ancestral source populations
(CHB and CEU). Of these 18 genes, eight showed significantly
different haplotype diversity patterns among different popula-
tions with permutated p value less than 0.01. For instance,
figure 2 shows that NAT2 haplotypes encompass rs1799929
(NFASS), rs1799930 (FASS) and rs1208 (FASS), while CHB was
dominated by the haplotype CGA (78%); the five minority
groups demonstrated broader haplotype distributions. We could

not directly infer the detailed metabolic phenotype of NAT2
from only three SNPs. Nevertheless, rs1799929 (481C>T),
rs1799930 (590G>A) and rs1208 (803G>A) are reported sig-
nature alleles for the NAT2 *6, NAT2 *11 and NAT2 *12 hap-
logroups, which are all associated with either the slow or the
rapid acetylator phenotype. Therefore, the different haplotype
distributions between Han Chinese and the minority groups
suggest that they also differ substantially in metabolism pheno-
types for NAT2 substrates.

Inference of ancestral origins of alleles in ADME genes
The above analysis clearly indicates that substantial differences
in the ADME genes exist between Han Chinese and the five
minority groups. We further determined the factors that may
have caused these differences. In our previous study,12 we
reported that UIG is an admixed population with both
European and East Asian ancestries. Figure 3A shows the

Table 4 Haplotype diversity analysis of absorption, distribution, metabolism and excretion genes. Shown here are genes with at least three
functional SNPs defined by PharmaGKB

Gene Number of SNPs Hd_CHB Hd_HUI Hd_KGZ Hd_KZK Hd_UIG Hd_TJK Hd_CEU p Value

ABCA1 3 0.806 0.799 0.760 0.714 0.760 0.666 0.479 0.001
ABCB1 6 0.633 0.718 0.635 0.687 0.667 0.688 0.691 0.028
ABCC1 4 0.701 0.647 0.630 0.594 0.610 0.648 0.558 0.001
ABCC2 7 0.780 0.701 0.821 0.796 0.820 0.828 0.797 0.070
ABCC4 4 0.679 0.698 0.648 0.674 0.713 0.723 0.657 0.144
ABCG2 4 0.765 0.776 0.655 0.644 0.665 0.622 0.531 0.001
CYP1A2 3 0.676 0.701 0.676 0.665 0.706 0.626 0.501 0.001
CYP2C8 3 0.479 0.452 0.418 0.510 0.475 0.567 0.494 0.082
CYP39A1 3 0.364 0.490 0.390 0.485 0.617 0.690 0.530 0.001
NAT2 3 0.353 0.476 0.552 0.552 0.689 0.701 0.690 0.001
SLC10A2 3 0.793 0.719 0.799 0.808 0.776 0.761 0.740 0.001
SLC22A14 3 0.478 0.442 0.347 0.445 0.489 0.408 0.418 0.104
SLCO1B1 4 0.620 0.459 0.440 0.558 0.421 0.424 0.501 0.000
UGT1A10 3 0.425 0.453 0.381 0.535 0.536 0.530 0.495 0.070
UGT1A6 3 0.425 0.453 0.381 0.535 0.536 0.530 0.495 0.024
UGT1A7 3 0.425 0.453 0.381 0.535 0.536 0.530 0.495 0.018
UGT1A8 3 0.425 0.453 0.381 0.535 0.536 0.530 0.495 0.024
UGT1A9 3 0.425 0.453 0.381 0.535 0.536 0.530 0.495 0.028

HUI, Hui; KGZ, Kirgiz; KZK, Kazakh; TJK, Tajik; UIG, Uyghur.

Figure 2 Distribution of NAT2 haplotypes, which were composed of
three functional SNPs, namely, rs1799929, rs1799930 and rs1208, in
five minority Chinese ethnic groups and their putative ancestral source
populations.
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genetic structure analysis of the five populations compared with
Africans (YRI), Europeans (CEU and TSI), and East Asians
(CHB and JPT). Results showed that the genetic components of
the five minority groups were admixed with different propor-
tions of Europeans and East Asians. In detail, the genetic contri-
bution of Europeans was 76.9% to TJK (SD=0.049), 53.5% to
UIG (SD=0.053), 38.4% to KZK (SD=0.050), 35.6% to KGZ
(SD=0.059) and 9.1% to HUI (SD=0.035).

We used Hapmix to investigate the local ancestral genetic
origins of the five admixed populations (see online supple-
mentary figure S3). Figure 3B shows the sum of European
ancestry contributions to the 32 ADME core genes in five
admixed populations. Overall, the CYP1A2 shows the lowest
European contributions (192.1% in total), while the CYP2D6
shows the highest European components (249.6% in total).
The red line in figure 3B represents the average value
(204.7%) based on whole genome data; thus, totally there are
26 of 32 ADME genes showing higher European contribution
than average.

Imputation of functional/associated SNPs from sequence
data using admixture analysis
Minority ethnic groups have rarely been sampled for deep
sequencing to explore the polymorphic state of functional var-
iants. We explored the possibility to estimate the frequencies of
functional SNPs in the admixed populations from their putative
ancestral source populations, which have been sequenced and
with data available in public database such as The 1000
Genomes Project.

Figure 4 shows acceptable correlation between the observed
and expected frequencies of the functional SNPs (r=0.93,
p<10−15) in the five admixed populations. Therefore, we could

roughly infer the frequencies of the functional SNPs for the
admixed populations to identify the high-risk alleles that might
cause drug response heterogeneity among populations.

Given the significant correlation between the actual and pre-
dicted frequencies in the admixed populations, we found 17
and 46 additional functional/associated SNPs from the ADME
core and extended genes (table 5 and see online supplementary
table S2), respectively, indicating high differentiations between

Figure 3 Ancestry inferences for five northwestern Chinese ethnic groups: (A) Global ancestry inferences for 10 populations with STRUCTURE,
wherein each column represents the average proportion of ancestral component of each individual. (B) Local ancestral inference of 32 absorption,
distribution, metabolism and excretion core genes with HAPMIX, wherein each column represents the average proportion of ancestral European
component in each population.

Figure 4 Correlation of observed allele frequencies versus estimated
frequencies from CHB and CEU in five northwestern Chinese ethnic
groups.
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CHB and CEU from the full sequencing dataset of The 1000
Genomes Project. These SNPs were still enriched in the func-
tional variants associated with heterogeneous responses to caf-
feine and antitumour, immunosuppressant and antidepressant
drugs. Although these functional/associated SNPs were not
found in our dataset, they were supposed to have great differ-
ence of frequencies between CHB and the five minority popula-
tions because of European gene flow. Thus, the influence of
these variants on drug safety and efficacy among different popu-
lations must also be considered.

Natural selection on ADME genes in different populations
In the admixed populations, most of the allele frequencies
inferred from their ancestral populations were generally fit to
their actual frequencies. However, some SNPs still obviously
deviated from the expected allele frequency (figure 4). This
deviation may be attributed to natural selection. In the present
study, we used two methods to detect natural selection signals
among the five minority groups and their putative ancestral
source populations.

The natural selection signals were enriched in ADME genes
(figures 5). For instance, five phase I ADME core genes
(CYP2B6, CYP2E1, CYP3A4, CYP3A5 and DPYD) and four core
transporter genes (ABCB1, SLC15A1, SLC22A1 and SLCO1B3)
showed significant selection signals in at least two populations.
Genes with selective signals were detected in the two ancestral
source populations. Selection signals were consistently present
in the admixed populations, such as in most of the genes men-
tioned above. In particular, CYP3A4 and CYP3A5 exhibited
prevalently selective signals in CEU and most of the admixed
populations but not CHB. By contrast, SLC22A1 and SLCO1B3
only had selective signals in the admixed populations but not in
either CHB or CEU. These results indicate that the adaptation
of ADME genes could occur before or after the admixture of
ancestral European and Asian populations.

DISCUSSION
In this work, we studied five minority groups in northwestern
China that are admixed populations with both eastern and

western Eurasian ancestries. Generally, admixture increases
genetic diversity of genomes and genes, including intermediate
allele frequencies, heterozygous allele states and haplotype com-
binations. Consequently, the distribution of different metabolic
phenotypes in the admixed populations is expected to be
broader than that in non-admixed populations. Thus, more clin-
ical patient samples are needed to determine appropriate drug
dosages in those admixed populations. However, people of
minority groups usually refuse to participate in clinical studies.
Our study should advance the understanding of the genetic
basis of the drug response heterogeneity among populations in
China, and have significant implications for evaluating potential
heterogeneity of drug responses within multiple ethnic groups
of Chinese. It is noteworthy that there could be further subpo-
pulation structure within each ethnic group studied here. For
example, considerable genetic differences between south and
north Han Chinese were reported previously.36 37 Those sub-
structures could have unpredictable but substantial influences on
evaluation of drug response and great implications for future
pharmacogenomic studies. Therefore, we suggest further exten-
sive investigations should be conducted.

It is noteworthy that the genetic variants are only one of the
factors affecting drug responses and most of explicit conse-
quences of genetic variants are not yet fully understood. Thus,
the phenotypic consequences of population differentiations of
ADME genes should be carefully validated in future studies. On
the other hand, although the role of ethnicity in pharmacogen-
omics studies is still debateable, there are essential ethnic conse-
quences of different drug dose requirements among different
populations.38 Therefore, individual genotyping/sequencing is
necessary in future pharmacogenomic studies because higher
heterogeneity of drug responses is also expected in admixed
populations and any oversimplified ethnic medicine standards
might be inappropriate.

We systemically investigated the influence of admixture to the
diversity of ADME genes. The results of this study could be used
as reference in future pharmacogenetic studies on admixed popu-
lations. TJK, UIG, KZK, KGZ and HUI exhibit different ances-
tral European components ranging from high to low. The

Table 5 Highly differentiated functional SNPs in absorption, distribution, metabolism and excretion core genes between CEU and CHB
(empirical p<0.01). Shown here are SNPs based on the 1000 Genomes Project, but data are not available in our genotyping data or in the
HapMap III dataset

rsID Gene FST f_CEU f_CHB Function Type Substrate

rs2231164 ABCG2 0.194 0.912 0.505 Intron NFASS Antineoplastic
rs13120400 ABCG2 0.161 0.265 0.000 Intron NFASS Methotrexate
rs4646421 CYP1A1 0.142 0.088 0.423 Intron FASS Caffeine
rs2606345 CYP1A1 0.438 0.682 0.052 Intron NFASS Carbamazepine
rs3826041 CYP1A1 0.140 0.877 0.531 Upstream FNAS –

rs2470893 CYP1A1 0.225 0.353 0.000 Upstream NFASS Caffeine
rs2472304 CYP1A2 0.318 0.659 0.113 Intron NFASS Caffeine
rs146991580 CYP2D6 0.142 0.229 0.603 Non-synonymous FN –

rs9419082 CYP2E1 0.171 0.894 0.510 Intron FNAS –

rs8192766 CYP2E1 0.149 0.894 0.541 Upstream NFASS Caffeine
rs4646458 CYP3A5 0.146 0.988 0.706 Downstream NFASS Tacrolimus
rs1801280 NAT2 0.245 0.424 0.021 Non-synonymous FNAS –

rs2306283 SLCO1B1 0.154 0.588 0.206 Non-synonymous FASS Mycophenolate
rs2417966 SLCO1B1 0.320 0.788 0.222 Intron FNAS –

rs10034124 UGT2B17 0.150 0.071 0.407 Intergenic FNAS –

rs7435827 UGT2B17 0.130 0.706 0.345 Intron FNAS –

rs7434408 UGT2B17 0.215 0.665 0.206 Intron FNAS –
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intermediate admixed proportions exhibit the highest genetic
diversity at the entire genome and then at the ADME genes. That
is, UIG, KZK and KGZ (average European components are
53.5%, 38.4% and 35.6%) have substantially higher genetic
diversity than the other populations, as shown in online supple-
mentary figure S4. These results suggest that ancestral sources of
admixed populations are equivalent. All of them exhibit high
diversity at the genetic architecture. Conversely, our genotype
dataset shows that Europeans exhibit slightly higher genetic
diversity than East Asians. Thus, the European components are
deemed to have higher contribution to the increase in genetic
diversity than the East Asian components. For instance, TJK
(76.9% European component) exhibit substantially higher
genetic diversity than HUI (9.1% European component) (see
online supplementary figure S4). However, despite being unlikely
to affect our main results and conclusions, the contribution of
the ancestral genetic component could be misleading due to pos-
sible ascertainment bias of genetic variants using genotyping
approach. Therefore, full sequencing is worthy for future studies.

Aside from demographic histories, such as admixture events,
natural selection is another important factor that affects the
diversity of genes. Enriched signals of positive selection were
observed in the ADME core genes, which are consistent with
our previous results.8 Interestingly, we found that some ADME
genes (CYP3A4 and CYP3A5) showed positively selective signals

before population admixture, while some other genes such as
SLC22A1 and SLCO1B3 exhibited the selection signals after the
admixture events.

CONCLUSIONS
Our results show that the northwestern Chinese populations
exhibited substantial differences at some ADME genes com-
pared with the Han Chinese. We suggest population differences
should be carefully considered before related drugs are intro-
duced to the Chinese market.
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