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Abstract15

Mendelian randomization (MR) is an important tool for inferring causal relationships between16

exposures (like lifestyle factors or biomarkers) and health outcomes using genome-wide17

association study (GWAS) summary data, yet the small sample sizes of non-European18

populations often result in insufficient instrumental variables (IVs) and unreliable causal effect19

estimates. In this paper, we consider causal inference in underrepresented populations to20

improve global health equity. We propose a statistical method for cross-population MR, XMR,21

to enhance causal inference in these target populations by using auxiliary GWAS summary22

statistics from global biobanks. By leveraging the shared genetic basis of exposure traits in23

the target and auxiliary populations, XMR increases the number of IVs while maintaining24

∗To whom correspondence may be addressed: Xianghong Hu (huxh@szu.edu.cn), and Can Yang (ma-

cyang@ust.hk).
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robust estimates via rigorous evaluation of IV validity and accounting for confounding factors.25

Through extensive simulations and real-data analyses, we demonstrate that XMR can achieve26

greater statistical power, better control of false positive rates and more replicable results27

compared to existing methods. Notably, XMR successfully identifies novel causal relationships28

in our studies of the East Asian (including Japanese and Taiwanese), Central/South Asian, and29

African populations. These findings reveal potential heterogeneity in causal patterns across30

populations, highlighting the importance of causal inference in underrepresented populations.31

Introduction32

Over the past two decades, genome-wide association studies (GWAS) have transformed our33

understanding of the genetic basis of complex traits and diseases [1]. To establish causal34

relationships between exposures and outcomes, Mendelian randomization (MR) has emerged as35

a crucial method for causal inference in genetic studies, using genetic variants as instrumental36

variables (IVs). MR analysis has been extensively applied to identify causal relationships by37

leveraging data from GWAS, offering new insights in both biomedical research and social38

sciences [2, 3].39

Despite these advancements, findings are predominantly based on European populations.40

Although global biobanks have allowed GWAS to include diverse groups, such as East Asians41

[4, 5], Central/South Asians [6], Africans [7], and Hispanics [8], the majority of studies42

(> 85% as of 2024) still focus on European populations [9, 10], leaving non-European groups43

underrepresented. Due to ancestral differences, the causal relationships inferred in European44

populations may not be extrapolated to non-European populations. For instance, hypertension45

presents unique risks in African populations, with higher prevalence, greater severity, and more46

extensive organ damage at similar blood pressure levels compared to Europeans [11]. Similarly,47

Asian populations exhibit higher HbA1c levels, a greater prevalence of diabetes, earlier onset48

of the disease, and an increased risk of complications compared to Europeans [12, 13]. For49

cholelithiasis, the incidence and types of the disease also differ significantly between European50

and Asian populations [14]. Therefore, neglecting underrepresented populations may overlook51

genetic risk factors unique to these groups [15]. It is crucial to investigate causal relationships52
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in these populations to address existing healthcare disparities.53

To explore causal relationships in the underrepresented populations, existing MR methods,54

such as Inverse Variance Weighted regression (IVW) [16, 17], Egger [18], Weighted-median55

[19], Weighted-mode [20], MRAPSS [21], and CAUSE [22], face significant challenges. One56

major issue is the limited sample sizes, which complicate IV selection based on GWAS results57

from these populations. Using a stringent threshold for IV selection (e.g., P value = 5× 10−8)58

may yield too few IVs for reliable causal inference, while a more lenient threshold (e.g., P59

value = 5× 10−5) can lead to the inclusion of many invalid IVs, resulting in inflated false-60

positive findings. To address these challenges, two MR methods—TEMR [23] and MR-EILLS61

[24]—have been proposed for causal inference in cross-population settings. TEMR seeks to62

enhance statistical power for small-sample populations by leveraging cross-ancestry genetic63

correlations. However, it is prone to inflated type I errors because it does not adequately64

account for confounding factors, such as correlated pleiotropy and sample structure, which65

may be hidden in GWAS summary statistics. On the other hand, MR-EILLS explores causal66

relationships under the assumption that the causal effect is consistent across populations.67

This assumption can be overly simplistic and risks overlooking important differences among68

populations, limiting its applicability for understanding population-specific causal effects.69

In this paper, we introduce XMR, a cross-population MR method aimed at enhancing70

causal inference for underrepresented populations by utilizing large-sample GWAS data. The71

effectiveness of XMR is based on several key components. First, XMR does not assume72

that causal effects are invariant across populations, enabling it to identify both population-73

shared and population-specific effects in an unbiased manner. Second, XMR allows for74

the selection of IVs based on extensive European exposure data, effectively addressing75

the challenge of insufficient IVs that traditional MR methods encounter in small-sample76

populations. Importantly, XMR does not presume that the effect sizes of IVs are identical77

across populations, which enables it to automatically assess the validity of each IV and78

include only those that are valid for causal inference. Third, XMR accounts for selection bias79

introduced by IV selection and linkage disequilibrium (LD) clumping, as well as confounding80

factors such as pleiotropy and sample structure. This is achieved through its probabilistic81
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framework, resulting in reliable causal effect estimates accompanied by well-calibrated P82

values.83

Through a comprehensive simulation study, we demonstrate that XMR achieves superior84

statistical power and estimation accuracy compared to existing methods, while maintaining85

well-calibrated P values. In real-data negative control studies, XMR effectively controls type86

I errors, highlighting the effectiveness of its various model components. We then apply XMR87

to three underrepresented populations—East Asians, Central/South Asians, and Africans—to88

uncover novel causal relationships that conventional MR methods have overlooked. For East89

Asians, we systematically evaluate causal inference results using two independent cohorts:90

BioBank Japan (BBJ) [4] and the Taiwan Precision Medicine Initiative (TPMI) [25, 26]. Our91

findings show that XMR outperforms related MR methods by providing consistent causal92

effect estimates that are validated by both BBJ and TPMI. Finally, we compare causal93

effects estimated from non-European populations with those from European populations.94

XMR not only identifies causal effects that are shared across populations but also highlights95

population-specific causal relationships. We believe these findings are vital for advancing96

global healthcare equity.97

Results98

Method overview99

Conventional MR methods face significant challenges in IV selection when performing causal100

inference in underrepresented populations due to limited sample sizes. A stringent threshold101

for IV selection may yield only a small number of IVs, resulting in unreliable causal inferences.102

Conversely, a loose threshold can include many invalid IVs, leading to inflated false-positive103

rates. To address these issues, we propose XMR, a probabilistic model for cross-population104

MR analysis. XMR leverages large-sample GWAS data from European (EUR) populations105

as an auxiliary resource to enhance IV selection and improve the statistical power of causal106

inference (Fig. 1A), while also accounting for differences between the target and auxiliary107

populations to effectively control type I errors.108
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Figure 1: Overview of the XMR method. XMR estimates the causal effect β between

exposure X2 and outcome Y2 in a small-sample population by leveraging data on the same

exposure X1 from a large-sample population. The method involves several key elements:

(A) IVs are selected from the large-sample population (X1) to improve power compared

to the limited IVs available from the small-sample population (X2). The distributions of

observed − log10(p) values for SNP-exposure associations across chromosomes are shown. (B)

The XMR model diagram. The arrowed lines represent effects with directions. The blue

dashed line indicates the correlation between X1 and X2. (C) Selection bias and confounding

factors contribute to observed SNP-trait associations. (D) An illustrative example of causal

inference between SHBG (sex hormone-binding globulin) and T2D (type 2 diabetes) in an

African population, using conventional two-sample MR methods (left) and XMR (right),

respectively. The estimated causal effect is shown as a red line, with the 95% confidence

interval (CI) shaded in transparent red. Triangles represent observed SNP effect sizes (γ̂2,j
and Γ̂2,j), colored by their posterior probability of IV validity (Zj = 1 in dark blue; Zj = 0 in

light blue). Figure 1 created with BioRender.com, with permission.
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Suppose we aim to estimate the causal effect β between an exposure X2 and an outcome109

Y2 in a target population with sample size N2. Let X1 be the exposure from an auxiliary110

population which has a larger sample size N1, where N1 ≫ N2. Unlike conventional MR111

methods which perform IV selection solely based on the target population, XMR selects IVs112

from the auxiliary population to increase the number of available IVs, and thus improve113

statistical power for causal inference (Fig. 1A, Fig. 1B). Specifically, we select IVs based on114

the criterion | γ̂1,j
ŝX1,j

|≥ t, where γ̂1,j denotes the estimated effect size of the j-th SNP on X1115

with its standard error ŝX1,j in the auxiliary population, and the threshold t is a predefined116

number to ensure that selected IVs are relevant to the exposure of interest. We also perform117

LD clumping to minimize dependence among the selected IVs, ensuring that the remaining118

IVs are nearly independent.119

Let Mt be the remaining number of IVs for our probabilistic model. XMR takes GWAS120

summary statistics
{

γ̂1,j, γ̂2,j, Γ̂2,j, ŝX1,j, ŝX2,j, ŝY2,j | |
γ̂1,j
ŝX1,j

|≥ t
}

j=1,...,Mt

as its input for causal121

inference, where γ̂2,j and Γ̂2,j denote the estimated effect sizes of the j-th SNP on X2 and122

Y2 with their standard errors ŝX2,j and ŝY2,j. The probabilistic model of XMR is designed123

to address several key issues. First, while the selection of IVs from the auxiliary population124

increases the total number, a portion of these IVs may still be invalid. XMR effectively125

distinguishes valid IVs from all selected candidates and utilizes only the valid IVs for causal126

inference to avoid false positives. Second, it is critical to characterize the correlation between127

the target population and the auxiliary population. With this relationship, we are able to128

correct the selection bias induced during IV selection and LD clumping (Fig. 1C). Third,129

confounding factors—such as correlated pleiotropy, population stratification, and cryptic130

relatedness—often remain hidden in the GWAS summary statistics from both the target and131

auxiliary populations (Fig. 1C). It is crucial to account for these confounding factors in a132

cross-population context. By integrating these elements, XMR effectively expands the pool of133

valid IVs, resulting in more accurate estimates, narrower confidence intervals, and increased134

statistical power (Fig. 1D). Further details can be found in Methods.135
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Experimental design136

We compared XMR with one cross-population MR method, TEMR, and 14 conventional137

two-sample MR methods, including MRAPSS, Egger, Weighted-mode, Weighted-median,138

CAUSE, IVW (random, denoted as IVW) [16], IVW (fixed, denoted as IVW-fe) [17], dIVW139

[27], MRMix [28], ConMix [29], MR-PRESSO [30], cML-MA (without data perturbation) [31],140

MR-Robust [32] and MR-Lasso [32] (Fig. 2A). The preprocessing steps for GWAS summary141

statistics prior to MR analysis are outlined in Fig. 2B, including SNP quality control, aligning142

SNP effects of the exposure and outcome to the same allele, IV selection and LD clumping.143

Specifically, we examined the performance of XMR and MRAPSS using their default IV144

threshold of 5 × 10−5, and TEMR at its default threshold of 5 × 10−8. CAUSE became145

unstable in scenarios with small sample sizes under the recommended IV threshold of 1×10−3.146

To address this, we adopted a threshold of 5 × 10−5, which offered comparable but more147

stable performance (see discussion in Supplementary section 4.9). Other methods, designed148

for a stringent IV threshold of 5× 10−8 to retain strong IVs, struggled with insufficient IVs in149

some cases. Therefore, we used 5× 10−8 when the exposure sample size exceeded 20,000 and150

5× 10−5 otherwise. LD clumping was performed for all methods using the LD panel of the151

target population to obtain independent IVs, with r2 < 0.001. At least 4 SNPs were required152

to run each MR method. A more detailed description is given in Supplementary sections 2.3.1153

and 2.3.2.154

Our analysis comprised three parts to evaluate different aspects of MR methods (Fig. 2C).155

In simulations, we generated summary statistics for a large-sample population (N1 = 80, 000)156

and a small-sample population (N2 = 15, 000) under varying genetic correlations, in the157

presence of pleiotropy and sample structure. Type I error control of each method was assessed158

in null cases (β = 0), while scenarios with β ̸= 0 were used to evaluate causal effect estimation159

accuracy and statistical power.160

To ensure a realistic evaluation of type I error control, we further conducted a negative con-161

trol study utilizing real-world datasets. We selected natural hair color before greying and skin162

tanning ability as negative control outcomes, with exposure being various anthropometric and163

physiological traits (e.g., weight, height, and forced vital capacity (FVC)). The outcome traits164
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are primarily determined at birth and unlikely to be influenced by these exposures measured165

later in life. By design, no causal relationship exists between the exposure and outcome traits.166

Our analysis included 70 trait pairs between 35 exposures and 2 negative control outcomes,167

with data sourced from the Pan-UKBB repository [33] (https://pan.ukbb.broadinstitute.org/).168

Experiments were conducted in African and Central/South Asian populations, with sample169

sizes of approximately 6,000 and 8,000, respectively. The European cohort, consisting of over170

400,000 individuals, served as the auxiliary large-sample population for XMR and TEMR.171

Details about the traits and datasets used in the negative control study can be found in172

Supplementary Table S4.173

MR methods

u 2 cross-population MR methods

u 14 two-sample MR methods

XMR   TEMR

MRAPSS

Egger

Weighted-mode
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IVW
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IVW-fe

Weighted-median
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MR-ConMix

MR-PRESSO

cML-MA

MR-Robust

MR-Lasso

Simulation

Null case
Alternative 

case

EAS
(BBJ)

EAS
(TPMI)

Data preprocessing

Downloaded GWAS summary statistics

l Quality control
Ø Merge with Hapmap3 SNP list

Ø Remove missing/duplicates/MHC/ambiguous/MAF inadequate SNPs

l SNP effect alignment Ø Unify SNP effect signs of all required 

GWAS data to the same allele   

l IV selection & LD clumping
Ø Keep SNPs with ! value < given IV threshold

Ø Plink LD clumping: "! < 0.001, 1Mb

Data prepared for running MR methods

Performance evaluation

Type I error 

control

Accuracy of 

causal effect 

estimates

& power

Real-data negative control

Outcome determined at birth:

• Natural hair color 

• Skin tanning ability 

Exposure:

• Weight, height, FVC !!!

Type I error control

n No causal effects n Use AFR/CSA

Real-data discovery

CSA

Replicability & robustness Power & discovery

AFR

n Compare effects of same pairs n 3 underrepresented groups 

A B

C

Figure 2: Experimental design. Pipeline for an overall evaluation of MR methods. (A)

16 MR methods are included in the analyses. (B) A three-step procedure to prepare

data for running MR methods. (C) Performance evaluation regarding type I error control,

accuracy of causal effect estimates, replicability, and power in three scenarios: simulation,

real-data negative control in AFR and CSA, and real-data discovery in three underrepresented

populations: EAS, CSA, AFR.

In the last part, we applied MR methods to three underrepresented groups—East Asian174
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(EAS), Central/South Asian (CSA), and African (AFR) populations—to compare their175

statistical power and discoveries. For EAS, we analyzed 22 overlapping traits from BBJ and176

TPMI, including 7 exposures (low-density lipoprotein cholesterol (LDLC), hemoglobin (Hb),177

HbA1c, diastolic blood pressure (DBP), body mass index (BMI), alanine aminotransferase178

(ALT), and glucose (Glc)) and 15 disease-related outcomes. Exposure GWAS sample sizes179

ranged from 71,221 to 163,835 for BBJ and 90,509 to 203,766 for TPMI, while outcome sample180

sizes ranged from 79,550 to 178,726 for BBJ and 117,944 to 334,322 for TPMI. Auxiliary EUR181

GWAS data were sourced from the Neale Lab repository (http://www.nealelab.is/uk-biobank),182

UK Biobank [34], and FinnGen [35], with typical sample sizes of ∼350,000 for exposures183

and ∼450,000 for outcomes. The replicability and robustness of methods were assessed by184

comparing causal effect estimates using these two different EAS datasets.185

In the CSA and AFR populations, we investigated the causal interplay among five high-186

burden diseases (type 2 diabetes (T2D), hypertension (HTN), chronic ischaemic heart disease187

(CIHD), disorders of lipid metabolism (DLM) and asthma), and diverse biomedical traits. To188

guarantee robust instrument strength, we restricted our dataset to traits with at least four189

valid IVs. We filtered out traits whose sample sizes were too limited for stable estimation of190

confounding factor parameters via LD Score Regression (LDSC), as well as traits with few191

causal signals. As a result, we covered 11 biomedical traits for CSA (BMI, height, HbA1c,192

LDLC, high-density lipoprotein cholesterol (HDLC), triglycerides (TG), neutrophil count193

(Neutro), C-reactive protein (CRP), insulin-like growth factor 1 (IGF-1), sex hormone-binding194

globulin (SHBG) and vitamin D (Vit D)), while we examined 8 biomedical traits (LDLC,195

TG, Neutro, CRP, IGF-1, SHBG, Vit D and albumin (ALB)) for AFR. Most datasets for196

CSA, AFR, and the auxiliary EUR cohort were sourced from Pan-UKBB, with sample sizes197

of ∼8,000 for CSA, ∼6,000 for AFR, and ∼400,000 for EUR. Albumin data for AFR was198

obtained from a pan-African GWAS [36], with a sample size of ∼13,000. We investigated199

every trait pair, excluding biomedical traits paired with other biomedical traits.200

The discoveries made by each MR method reflect their statistical power and can be201

compared to findings in Europeans, revealing both shared and population-specific causal202

relationships. Detailed information about the traits and datasets used in this study can be203
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found in Supplementary Tables S15, S20 and S23.204

XMR demonstrates robust type I error control and high power in205

simulations206

To evaluate the performance and robustness of summary-level MR methods, we conducted207

simulation studies based on the XMR model framework, with some model misspecifications208

such as inconsistencies in the validity of IVs across two populations.209

Specifically, we generated simulated summary statistics (γ̂1,j, γ̂2,j, Γ̂2,j) for 50,000 SNPs210

under the assumptions of the XMR model described in Eq. (1). However, correlated211

pleiotropy was only assumed for 30,000 SNPs, while all SNPs were influenced by sample212

structure. To mimic practical scenarios, we set the sample sizes of the large and small213

populations as N1 = 80, 000 and N2 = 15, 000, respectively. The variances of the sample214

structure terms (ϵ1,j, ϵ2,j, ξ2,j) were adjusted according to the sample sizes, with standard215

errors (ŝX1,j =
√

1
80000

, ŝX2,j =
√

1
15000

, ŝY2,j =
√

1
15000

) and sample structure parameters216

(c1 = 1.25, c2 = 1.05, c3 = 1.02). This reflects the higher uncertainty but reduced susceptibility217

to sample structure in the smaller population. The polygenic effects (u1,j, u2,j, v2,j) were218

simulated with variances (ω2
1 = ω2

2 = ω2
y = 0.5/30000), corresponding to heritabilities of 0.5219

for X1, X2 and Y2. Among the 30,000 SNPs with correlated pleiotropy, only 1,500 were220

considered valid IVs (Zj = 1) in at least one population. To ensure sufficient instrument221

strength, we set σ2
1,f : ω2

1 = σ2
2,f : ω2

2 = 10, indicating that the true effects (γ1,j, γ2,j) were222

much stronger than confounding effects. In contrast, the direct effects αj had the same223

magnitude as the polygenic effects, with τ 2 : ω2
y = 1. To test the robustness of each method224

in the presence of invalid IVs, we randomly selected 400 SNPs out of the 1,500 to introduce225

inconsistencies in IV validity between two populations: some SNPs were valid only in the226

small population (γ1,j = 0), while others were valid only in the large population (γ2,j = 0).227

Simulations were conducted for various causal effect sizes β under different levels of correlation228

σ12,f/(σ1,fσ2,f ) between the true effects γ1,j and γ2,j . The correlation level reflects the degree229

to which information can be borrowed from the large population to improve estimation in the230

small population.231
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We compared XMR with the cross-population MR method, TEMR, and 14 single-232

population MR methods. Single-population methods utilized only the simulated summary233

statistics (γ̂2,j, Γ̂2,j) from the target population. However, TEMR also required paired outcome234

summary statistics from the large-sample population. For TEMR, we extended our simulation235

framework to generate these statistics under the assumption that the existence of causal effects236

was consistent across populations, a setting favorable to TEMR. Details of the simulation237

design are provided in Supplementary sections 2.1 and 2.2. As N2 < 20,000, we applied a238

unified criterion (P ≤ 5 × 10−5) for IV selection across most methods, except for TEMR239

(P ≤ 5× 10−8).240

We first evaluated the false positive rates of all methods under the null hypothesis (β = 0)241

where no causal relationship exists. Figs. 3A, B and C present quantile-quantile (QQ) plots242

for each method under correlations of 0, 0.3 or 0.7 based on 30 repeated experiments. In243

the upper panel, XMR consistently produced well-calibrated P values across all correlation244

settings, while other methods exhibited noticeable inflation. Among them, TEMR showed245

the most severe inflation, which might result from inadequate accounting for invalid IVs and246

confounding factors. Additional results for other MR methods are available in Supplementary247

section 4.1, Fig. S2, which similarly demonstrate inflated P values. The lower panel displays248

the results of some single-population MR methods without overly inflated P values across249

three settings, including Egger, MRAPSS and Weighted-mode. CAUSE exhibited certain250

levels of deflation in these experiments.251

The superior performance of XMR can be attributed to its ability to identify and exclude252

invalid IVs during causal effect estimation. Our model assigns a posterior probability to253

each SNP j indicating its validity. By setting a threshold for the posterior probability, SNPs254

with values exceeding the threshold are considered to be recognized as valid by our model.255

Fig. 3H illustrates the error rates in inferring IV validity by summarizing the proportion of256

truly invalid IVs among those recognized as valid by XMR, based on posterior probability257

thresholds. The result at the threshold of 0 indicates that over 50% of the included IVs were258

invalid right after initial IV selection. However, as the threshold increased, the proportion259

of invalid IVs decreased sharply, dropping to approximately 15% at a threshold of 0.5 and260
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below 10% with stricter criteria. These results underscore XMR’s ability to effectively filter261

out invalid IVs and minimize their influence, ensuring more accurate results. The adjustment262

of confounding factors and selection bias is also critical. The ablated versions of XMR, which263

assume no correlated pleiotropy (Ω = 0), no sample structure (C = I), or no correction of264

selection bias, all failed to consistently control false positive rates under three settings (see265

Supplementary section 4.2, Fig. S3).266

Correlation = 0 Correlation = 0.3 Correlation = 0.7

A B C

D E F I

G

H

Figure 3: Simulation studies. Comparison of 10 summary-level MR methods using simulated

data. (A–C) QQ plots of −log10(p) values from each method under the null scenario (β = 0)

where no causal effect exists, with the correlation parameter σ12,f/(σ1,fσ2,f) between two

populations set to 0, 0.3 and 0.7, respectively. (D–F) Statistical power comparison of methods

without inflated P values under alternative simulations with different causal effect sizes β.

The correlation parameter still takes values of 0, 0.3, and 0.7. (G) Comparison of the numbers

of valid and invalid IV identified by XMR and MRAPSS across various IV selection thresholds

with a correlation parameter of 0.3 and β = 0.2. (H) Proportion of invalid IVs among those

classified as valid by XMR, calculated for different posterior probability thresholds under the

null case (β = 0) with a correlation parameter of 0.3. (I) Causal effect estimates β obtained

by different methods under β = 0.3 and a correlation parameter of 0.7.

Next, we assessed the statistical power of methods that had no inflation under the previous267
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null scenario. Five methods were selected for comparison: XMR, MRAPSS, Egger, CAUSE,268

and Weighted-mode. Simulations were conducted under correlations of 0, 0.3, and 0.7, with269

causal effect sizes β ranging from 0.05 to 0.3. As shown in Figs. 3D, E and F, XMR generally270

exhibited the highest power among all methods. Specifically, XMR reliably outperformed271

others in most scenarios, while maintaining competitive performance similar to MRAPSS in272

settings with zero correlation between the two populations (Fig. 3D). While the power of273

the other four single-population methods remained largely unaffected by correlation levels,274

XMR’s performance improved significantly with higher correlations. This behavior aligns275

with expectations, as stronger correlations indicate greater consistency in genetic effects on276

the exposure across populations, enabling XMR to better leverage information from the large277

population. MRAPSS demonstrated the second-best performance overall, benefiting from its278

robust design. However, XMR’s cross-population framework allowed it to surpass MRAPSS279

by incorporating a larger pool of candidate IVs from the auxiliary population. Fig. 3G280

compares the number of valid and total IVs identified by XMR and MRAPSS under β = 0.2281

and a correlation of 0.3. Regardless of the IV selection threshold, XMR identified more valid282

IVs and more total IVs than MRAPSS, highlighting its advantage. Furthermore, the number283

of valid IVs increased steadily as the selection threshold was relaxed, further showcasing the284

robustness of the method.285

We further examined the estimation accuracy of causal effects for these five methods.286

Fig. 3I shows the results under β = 0.3 and a correlation of 0.7. CAUSE and Weighted-287

mode underestimated the causal effects, in line with their relatively lower power observed288

in earlier experiments. Among the three unbiased methods—XMR, MRAPSS, and Egger—289

Egger displayed the greatest estimation variance. While MRAPSS reduced estimation error290

substantially, it still lagged behind XMR. Additional results for different β and correlation291

settings can be found in Supplementary section 4.3, where the main performance patterns292

remain the same.293
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XMR maintains well-calibrated P values in real-data negative control294

studies295

Our goal is to achieve high power while ensuring type I error remains under control in real296

data analysis. As a first step before comparing the power of different methods, we evaluated297

their false positive rates. Beyond simulations, we conducted a more realistic negative control298

experiment using real-world data. Following Sanderson et al. [37] and Hu et al. [21, 38],299

we selected two traits determined at birth—natural hair color before greying and ease of300

skin tanning—as outcomes. For exposures, we considered 35 physiological or biochemical301

indicators, such as weight, arm fat percentage, and albumin. On the one hand, these indicators,302

measured later in life, cannot causally influence traits established at birth. On the other hand,303

the outcomes are prone to confounding factors such as population structure. They serve as304

ideal examples for negative control studies.305

Using GWAS data from Pan-UKBB, we performed experiments on African and Cen-306

tral/South Asian populations, with Europeans serving as the auxiliary large-sample population.307

The sample sizes for the target populations were approximately 6,000 and 8,000, respectively,308

while the EUR cohort consisted of over 400,000 individuals, reflecting a substantial disparity309

in sample sizes between European and non-European populations. To assess the robustness310

of MR methods, we tested their performance under three different thresholds, as shown in311

Fig. 4.312

First, we compared XMR with the other cross-ancestry MR method, TEMR. In Figs. 4A, B,313

XMR generated well-calibrated P values for both AFR and CSA populations. Its performance314

remained stable across different IV selection thresholds, demonstrating its robustness to315

varying criteria. In contrast, TEMR yielded overly inflated P values in both populations,316

regardless of the threshold applied. This discrepancy likely stems from the inclusion of317

invalid IVs in TEMR’s augmented IV set. While the large EUR cohort enhances statistical318

power, TEMR’s inability to properly account for these invalid IVs introduces significant bias.319

Additionally, its simplified modeling framework fails to adequately correct for confounding320

factors in both target and auxiliary populations. These shortcomings contribute to its321

seemingly high statistical power, achieved at the expense of elevated false positive rates. To322
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further investigate this, we examined ablated versions of XMR (Ω = 0, C = I, or no correction323

of selection bias). The results also exhibited certain degrees of inflation (see Supplementary324

section 4.5, Fig. S9), suggesting the importance of correcting for correlated pleiotropy, sample325

structure, and selection bias.326

A B

C D

E F

AFR CSA

AFR

CSA

Figure 4: Real-data negative control studies. Evaluation of the false positive rates of MR

methods using real-world negative control data. (A, B) QQ plots of −log10(p) values from

two cross-population MR methods, XMR and TEMR, under different IV selection thresholds

in AFR and CSA populations, respectively. (C, E) QQ plots of −log10(p) values from several

single-population MR methods under different IV selection thresholds in AFR and CSA

populations, respectively. (D, F) Box plots of the number of IVs retained after selection

under different thresholds in AFR and CSA populations, respectively.

Next, we further examined the performance of 14 single-population MR methods. With327

sample sizes of fewer than 9,000 in each target population, the P values for exposure summary328

statistics were often not significant enough, resulting in very few SNPs passing the IV selection329

step. When the selection threshold was relaxed to 5× 10−5, around 40 SNPs were retained,330

offering an acceptable number of IVs, as shown in Figs. 4D, F. However, under this relaxed331

threshold, inflated type I error rates were observed across most two-sample MR methods, with332
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the notable exception of MRAPSS, Weighted-mode, Egger, CAUSE, and Weighted-median333

(Figs. 4C, E; Supplementary section 4.4, Figs. S7–S8). This issue likely arises from inadequate334

handling of pleiotropy and population structure in GWAS summary statistics [21]. Under335

more stringent thresholds of 5× 10−6 and 5× 10−7, nearly all methods produced properly336

calibrated P values. However, these estimations were typically based on no more than 5 IVs337

(Figs. 4D, F), far below credible standards. In some cases, the small number of IVs prevented338

certain methods from running altogether, as reflected by the reduced number of green and339

blue dots in the plots. This underscores a critical dilemma when applying single-population340

MR methods to small groups: strict thresholds lead to unreliable or failed estimations, while341

looser thresholds increase false positive rates.342

Through these negative control experiments, XMR showed its capability to provide a343

solution for this situation by leveraging a large auxiliary population and effectively modeling344

confounding factors. The findings from the real-data negative control experiments largely345

aligned with the results observed in simulation null cases. Combining evidence from both346

analyses, we retained five methods that maintained reasonable P value calibration: XMR,347

MRAPSS, Weighted-mode, Egger and CAUSE. A complete list of causal effect estimations348

across all compared methods is given in Supplementary, Tables S5–S7 and S10–S12.349

XMR uncovers causal heterogeneity in East Asians and demonstrates350

superior replicability351

To demonstrate XMR’s utility in characterizing causal associations within underrepresented352

populations, we first applied the method to the EAS population using BBJ data, with EUR353

data serving as an auxiliary. We analyzed 105 pairs linking 7 risk factors to 15 diseases.354

The Benjamini-Hochberg (BH) procedure was applied at an FDR level of 0.05. We mainly355

compared the statistical power of XMR with that of MRAPSS, Weighted-mode, Egger and356

CAUSE, as other methods exhibited higher type I errors than the nominal level in prior357

experiments.358

XMR identified 30 significant causal effects after BH correction (Fig. 5A), substantially359

outperforming the alternative methods (Fig. 5B). Notably, XMR captured 15 of the 16 pairs360
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identified by MRAPSS, Weighted-mode, Egger and CAUSE, and detected 15 unique signals361

(see Supplementary section 4.6.2, Fig. S11). These unique discoveries are supported by362

existing literature. For instance, XMR identified 9 significant effects of BMI; 8 are supported363

by established evidence, including associations with T2D [39], three cardiovascular diseases364

(myocardial infarction (MI) [40], angina pectoris (AP) [40], and unstable angina pectoris365

(UAP) [41]), asthma [42], cholelithiasis (GS) [43], cataract (Cat) [44], and breast cancer366

(BC) [45, 46]. The remaining pair indicated a negative effect of BMI on prostate cancer367

(β̂ = −0.0678, P = 7.51× 10−3), a protective association observed in some epidemiological368

studies [47, 48]. In contrast, among these BMI-related pairs, only Weighted-mode and CAUSE369

detected the link to T2D. Furthermore, XMR was the sole method to identify the causal effects370

of DBP on four traits, all of which are biologically plausible and supported by prior research,371

including peripheral artery disease (PAD) [49], MI [50], AP [50] and epilepsy (Epi) [51]. The372

inability of MRAPSS, Weighted-mode, Egger, and CAUSE to detect these pairs highlights the373

superior statistical power of XMR in sample-limited populations. A comprehensive comparison374

of discoveries across all methods is presented in Supplementary section 4.6, Figs. S10, S12.375

To rigorously validate these findings, we performed a replication analysis using an inde-376

pendent EAS cohort—TPMI. A robust MR method should yield consistent estimates across377

two cohorts of the same ancestry. XMR achieved the highest consistency among all 16378

tested methods, with a correlation of 0.917 between BBJ and TPMI estimates (Fig. 5C).379

Among methods with controlled false-positive rates, MRAPSS and CAUSE also showed high380

correlations. However, Weighted-mode and Egger performed poorly (correlations of 0.546 and381

0.271, respectively), likely due to their low precision and broad confidence intervals. Notably,382

we observed concerning inconsistencies in other high-power methods. While it is acknowledged383

that effect sizes across the two cohorts (BBJ and TPMI) may differ, it is highly unlikely that384

the direction of the effect would be reversed. XMR maintained consistent effect directions385

for all pairs significant in both BBJ and TPMI (P < 0.05), yet TEMR—despite making386

many discoveries—produced inflated estimates and, alarmingly, 23 pairs with conflicting387

directions between the two EAS cohorts (Fig. 5D). Inconsistencies were also observed in388

IVW-fe and ConMix (see Supplementary section 4.6.3, Fig. S14). Similarly, cML-MA yielded389
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a correlation of only 0.527, indicating that its findings are poorly replicable. This comparison390

demonstrates that XMR offers a better trade-off: sufficient power to detect signals missed by391

conservative methods, without the instability and high false discovery rates associated with392

other aggressive methods.393

We next investigated the cross-population architecture of these causal effects between EAS394

and EUR. As indicated in Fig. 5D and Supplementary section 4.6.3, Figs. S13–S14, estimates395

in BBJ tended to be systematically larger than in TPMI, potentially due to environmental396

differences or measurement heterogeneity. To obtain more robust EAS estimates for cross-397

ancestry comparison, we conducted a meta-analysis of the two EAS cohorts following Xiao398

et al. [52] (details in Supplementary section 2.3.4) and used the meta-analyzed estimates399

for further analysis. As shown in Fig. 5E, estimates in EAS and EUR for the 21 pairs400

significant in both populations generally aligned along the identity line, suggesting shared401

causal mechanisms. For example, the causal effects of DBP on cardiovascular diseases (e.g.402

MI, AP) were detected in both groups and exhibited similar effect sizes. However, XMR403

also revealed significant heterogeneity (highlighted in red boxes, Supplementary section 4.6.4,404

Fig. S15). We identified 17 trait pairs that were significant in BBJ and significantly different405

from EUR; notably, 6 of these pairs were successfully replicated in TPMI, representing406

high-confidence population-specific effects (see Supplementary section 3.1, Table S1).407

Among these, we highlight two distinct patterns of heterogeneity. First, XMR identified408

population-specific risk factors. For example, glycemic traits, Glc (β̂meta = 0.139, P =409

1.05× 10−5) and HbA1c (β̂meta = 0.122, P = 1.14× 10−9), were identified as significant risk410

factors for cataracts in BBJ but did not pass BH correction in EUR. The effect of HbA1c on411

cataracts was further validated by TPMI (β̂meta = 0.046, P = 1.13× 10−5). While diabetes is412

a known risk factor [53], a recent longitudinal study suggests that elevated glucose accelerates413

cataract progression even in non-diabetic individuals [54]. The underlying mechanisms include414

persistent hyperglycemia causing changes in intraocular pressure (IOP) and glycoprotein415

composition, leading to lens clouding and reduced visual acuity [55]. Our finding, along with416

previous studies, underscores the importance of glycemic control for ocular health specifically417

in East Asians, given the substantial public health and economic burden posed by cataracts418
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Figure 5: Causal relationships in the EAS population. Exploration of causal effects

among various traits in East Asians. (A) Causal effect estimates β from XMR in BBJ, with

red indicating positive effects and purple indicating negative effects. Significance is marked

by * (P < 0.05) and ** (significant after BH correction). (B) Number of significant pairs

identified by five methods, with light and dark pink representing results without and with

BH correction, respectively. (C) Correlations of effect sizes between BBJ and TPMI across

different MR methods. (D) Comparison of effect sizes in BBJ and TPMI estimated by XMR

(left) and TEMR (right), with 95% CIs. Point colors denote significance in the two datasets;

the red line shows linear regression results, with the shaded area representing 95% CIs; the

grey dashed line represents y = x. (E) Comparison of effect sizes in EAS (by XMR) and

EUR (by MRAPSS), with 95% CIs. Point colors indicate significance in two populations, the

black dashed line represents y = x, and red circles highlight heterogeneous pairs validated by

TPMI. (F) Case studies of causal effect estimates (β) in BBJ with 95% CIs and IV counts.

Numbers of valid IVs for XMR and MRAPSS are shown in parentheses. Solid points indicate

P < 0.05. (G–H) Box plots of IV counts across all analyzed trait pairs in BBJ. (G): total

IVs and valid IVs from XMR; (H): IVs selected using EAS alone under different thresholds.
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and cataract surgery [54]. Second, we observed heterogeneity in effect magnitude. The effect419

of BMI on cholelithiasis (GS) was stronger in EUR (β̂EUR = 0.126, PEUR = 7.20 × 10−31)420

than in EAS (β̂meta
BBJ = 0.073, Pmeta

BBJ = 4.65 × 10−5; β̂meta
TPMI = 0.036, Pmeta

TPMI = 1.48 × 10−3).421

This may partially explain the higher prevalence of cholelithiasis in Europeans and different422

patterns of the disease, where 80–90% of gallstones in Western populations are cholesterol423

stones with obesity as a strong risk factor, while pigment stones dominate gallstones found424

in Asian populations, which are mainly associated with parasitic infections and bacterial425

infections [56, 57, 58]. Additionally, several pairs showing unique heterogeneity in BBJ—426

though not strictly replicated in TPMI—are consistent with established literature. For427

example, the causal effect of LDLC on MI, a type of atherosclerotic cardiovascular disease428

(ASCVD), was markedly stronger in EAS (β̂meta
BBJ = 0.194, Pmeta

BBJ = 7.92 × 10−11) than in429

EUR (β̂EUR = 0.088, PEUR = 2.58× 10−6). This finding aligns with evidence that suggests430

distinctive patterns of lipoprotein cholesterol distributions and incidence of ASCVD in East431

Asians, who tend to have lower LDLC levels than Europeans and distinct ASCVD risk432

factors [59, 60]. A meta-analysis by Li et al. also demonstrated that East Asians may433

require only small reductions in LDLC to achieve regression of coronary atherosclerotic plaque434

compared to Western populations [61], supporting population-specific treatment strategies.435

Collectively, these results demonstrate XMR’s capability to characterize both shared and436

distinct causal architectures in underrepresented populations relative to Europeans. Notably,437

even when leveraging the augmented power of meta-analysis, alternative methods—including438

MRAPSS, Egger, Weighted-mode, and CAUSE—identified significantly fewer signals than439

XMR (Supplementary section 4.6.4, Fig. S16, and section 4.6.5, Fig. S17).440

Finally, we illustrate the power of XMR through two specific examples in BBJ: BMI441

to GS (heterogeneous between EAS and EUR) and DBP to MI (shared between the two442

populations). As shown in Fig. 5F, Egger suffered from wide confidence intervals and low443

statistical power, while CAUSE yielded narrow intervals but potentially deflated P values.444

Only XMR consistently detected significant effects with high precision in both cases. This445

precision is driven by the effective expansion of the instrument pool; as shown in Figs. 5G, H,446

even the valid IVs utilized by XMR significantly outnumber those available when using EAS447
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summary statistics alone, confirming the benefit of incorporating auxiliary EUR data. A full448

list of causal effect estimates from all 16 methods across BBJ, TPMI, and EUR is provided449

in Supplementary Tables S16–S18. The meta-analyzed results for the two EAS cohorts are450

detailed in Supplementary Table S19.451

XMR displays robust power to reproduce causal findings in under-452

represented populations453

We extended our analysis to Central/South Asian and African populations to evaluate454

XMR’s performance under conditions of even more limited sample sizes. Specifically, we455

investigated bidirectional causal effects among five diseases (T2D, HTN, CIHD, DLM, and456

asthma) and between these diseases and 11 quantitative traits in CSA (8 in AFR). Despite the457

restricted sample sizes (approximately 8,000 for CSA and 6,000 for AFR), XMR successfully458

identified 15 significant causal relationships in CSA after BH correction (Fig. 6A). In459

contrast, among compared methods, only Egger detected a single signal (T2D on HbA1c,460

β̂ = 2.247, P = 1.68× 10−5), while MRAPSS, Weighted-mode and CAUSE failed to report461

any significant findings. The disparity was even more pronounced in AFR: all four traditional462

MR methods failed to identify any significant causal relationship, suggesting their limited463

statistical power in underrepresented cohorts (Fig. 6B). However, XMR remained robust,464

identifying 3 significant pairs passing BH correction. When the significance threshold was465

relaxed to nominal P < 0.05, XMR uncovered 31 and 14 potential causal pairs in CSA and466

AFR, respectively. While few unique relationships were identified—likely due to sample size467

constraints—the direction and magnitude of effect estimates showed high concordance with468

those observed in EUR (Figs. 6C, D). This consistency, particularly for pairs significant in469

both populations, demonstrates XMR’s superior capability to replicate established European470

findings in small-sample diverse cohorts.471

Specifically, disorder of lipoid metabolism encompasses abnormalities in lipid synthesis,472

breakdown, absorption, and transport, affecting molecules such as cholesterol and triglyc-473

erides [62]. XMR effectively captured the defining characteristics of DLM in CSA and AFR.474

We observed bidirectional causal effects between DLM and lipid traits, including positive475
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effects of DLM on TG (β̂ = 1.102, P = 9.73× 10−4) and LDLC (β̂ = 1.036, P = 1.20× 10−4),476

as well as the reverse effect of TG on DLM in both populations (β̂CSA = 0.176, PCSA =477

1.43 × 10−4; β̂AFR = 0.177, PAFR = 1.50 × 10−3). Furthermore, XMR identified HbA1c478

(β̂ = 0.119, P = 2.51× 10−3) and SHBG (β̂ = −0.118, P = 4.01× 10−3) as upstream causal479

factors for DLM in CSA. The protective role of SHBG was also nominally significant in480

AFR (β̂ = −0.115, P = 0.019). Biologically, the link between HbA1c and dyslipidemia is481

well-documented across diverse ancestries [63, 64, 65], likely driven by hyperglycemia-induced482

disruptions in fatty acid oxidation and signaling pathways [66, 67]. Similarly, SHBG is linked483

to various lipid components [68, 69] and known to regulate hepatic lipogenesis; experimental484

evidence suggests that SHBG overexpression downregulates key lipogenic enzymes, thereby485

improving lipid profiles [70, 71], consistent with our findings.486

Next, for CIHD, XMR identified HbA1c as a risk factor in CSA (β̂ = 0.128, P = 2.37×10−3),487

aligning with established literature [72, 73]. Additionally, a strong causal effect of DLM on488

CIHD was detected (β̂ = 0.668, P = 6.32 × 10−6), reflecting the canonical pathway where489

dyslipidemia drives atherosclerosis through plaque deposition, inflammation, and endothelial490

dysfunction [74]. Notably, this DLM-CIHD signal was also replicated in AFR at a nominal491

significance level (β̂ = 0.286, P = 0.027), suggesting a shared etiology across populations492

despite the reduced statistical power.493

Although no risk factors passed BH correction for asthma, nominal significance (P < 0.05)494

revealed potential relationships with C-reactive protein (CRP). Specifically, we observed a495

positive effect of CRP on asthma in AFR (β̂ = 0.116, P = 0.040) and a reverse effect of496

asthma on CRP in CSA (β̂ = 0.357, P = 0.038), hinting at the inflammatory nature of the497

disease [75].498

For hypertension, XMR identified BMI (β̂ = 0.162, P = 3.66 × 10−3) and HbA1c (β̂ =499

0.135, P = 1.15×10−3) as risk factors in CSA. Notably, the effect size of HbA1c on hypertension500

in CSA was markedly stronger than in EUR (β̂ = 0.046, P = 6.78× 10−4). While the impact501

of BMI is extensively documented and widely attributed to pathways such as sympathetic502

activation and renal dysfunction [76, 77], the link between HbA1c and hypertension has been503

less studied and is gaining recognition. Hyperglycemia may elevate blood pressure through504
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E Case: SHBG to T2D
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Figure 6: Causal relationships in CSA and AFR populations. Exploration of causal

effects among various traits in Central/South Asians and Africans. (A–B) Scatter plots of

causal effect estimates from five methods showing effect sizes β̂ against −log10(p) values of

each trait pair in CSA and AFR, respectively. Points with P < 0.05 are colored by exposure

category and shaped based on significance after BH correction. (C–D) Comparison of effect

sizes in CSA/AFR (by XMR) and EUR (by MRAPSS), with 95% CIs. Point colors indicate

the significance after BH correction in two populations. Black dashed line: y = x. (E)

Assessment of SHBG’s causal effect on T2D in four populations using five methods (effect

size estimates and 95% CIs). Black solid dots: causal effects with P < 0.05. The number of

valid IVs inferred by XMR or MRAPSS is indicated in parentheses.
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insulin resistance-induced endothelial impairment, sodium retention, and oxidative stress505

[78, 79]. Clinical observations suggest a unique pattern in which South Asians exhibit higher506

HbA1c levels, higher rates of diabetes, and higher prevalence of hypertension compared to507

Europeans [80, 81]. Our finding of a stronger effect in CSA aligns with studies revealing a508

greater susceptibility of South Asians to hyperglycemia-related cardiovascular complications509

compared to Europeans [82, 83]. Uniquely, in the African population, XMR identified a510

positive causal effect of serum albumin levels on hypertension (β̂ = 0.375, P = 3.95× 10−4).511

While the ALB-hypertension relationship is complex, a positive association has been reported512

in some past studies [84, 85, 86]. This finding is particularly intriguing given that the albumin513

GWAS data used here identified African-specific genetic variants that were extremely rare514

in other ancestries [36]. This reinforces the unique causal signal detected by XMR and515

underscores the importance of leveraging population-specific genetic architecture to uncover516

distinct causal signals.517

For T2D, XMR confirmed well-known positive causal effects of BMI (β̂ = 0.193, P =518

3.90× 10−3) and HbA1c (β̂ = 0.422, P = 1.37× 10−20) in CSA, alongside a protective effect of519

SHBG in both CSA (β̂ = −0.154, P = 6.51× 10−4) and AFR (β̂ = −0.164, P = 6.30× 10−4).520

To rigorously benchmark XMR’s performance against other methods, we conducted a four-521

population case study on the SHBG-T2D relationship (Fig. 6E). The SHBG data for EAS522

were sourced from Pan-UKBB, with a sample size of 2,327. In EUR (N = 363, 650), nearly all523

methods correctly identified the protective effect of SHBG, supported by extensive genetic and524

functional evidence linking SHBG to glucose homeostasis and insulin sensitivity [87, 88, 89].525

Two pivotal genetic studies, primarily conducted in European populations, have significantly526

strengthened the evidence supporting SHBG’s involvement in the disease’s etiology [87, 88].527

These studies identified germline variants in the SHBG gene that were directly associated with528

both plasma SHBG levels and the risk of T2D. SHBG appears to influence T2D development529

by modulating the biological activity of sex hormones in peripheral tissues. Moreover, recent530

findings suggest that the association between low SHBG levels and increased T2D risk may531

be partially mediated by increased visceral adipose tissue and liver fat accumulation [89].532

However, as sample sizes decreased in non-European cohorts, the performance of traditional533
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methods deteriorated. In AFR (N ≈ 5, 700) and CSA (N ≈ 7, 600), XMR was the only534

method to detect a significant causal effect. Even in East Asians (N = 2, 327), where sample535

sizes were insufficient for any method to reach significance, XMR still estimated a negative536

effect direction consistent with the other populations. As clinical studies on SHBG in these537

specific populations are limited and still emerging [90, 91, 92], our results provide strong538

statistical evidence reinforcing the universality of this biological pathway. This case study539

exemplifies the critical advantage of XMR: while other methods require massive sample sizes540

(available primarily in EUR) to function, XMR maintains sufficient power to uncover accurate541

causal relationships in underrepresented, small-sample populations, thereby bridging a critical542

gap in global health equity and precision medicine.543

Additional results for MRAPSS, Egger, Weighted-mode, and CAUSE are provided in544

Supplementary sections 4.7.1 and 4.8.1, Figs. S18–S19. A comprehensive list of causal effect545

estimates from all 16 methods is available in Supplementary Tables S21–S22 and S24–S25.546

Trait pairs exhibiting effect heterogeneity compared to EUR by XMR are summarized in547

Supplementary sections 3.2 and 3.3, Tables S2–S3.548

Discussion549

In this paper, we proposed a cross-population MR method, XMR, designed to enhance550

summary-level causal inference for underrepresented populations. This is achieved mainly by551

utilizing summary statistics for the same exposure from a large-sample auxiliary population.552

By assuming that the genetic basis of an exposure trait may be shared across populations,553

XMR expands the pool of IVs and incorporates the auxiliary exposure into a probabilistic554

model to refine causal effect estimates. To ensure robust inference, XMR is designed to555

mitigate biases from invalid IVs that may be introduced, as well as those arising from556

confounding factors and selection bias. Through extensive simulations and real-data analyses,557

XMR demonstrated superior performance in balancing high statistical power with low type558

I error rates, outperforming traditional two-sample MR methods and recently developed559

trans-ethnic MR methods.560

In light of the scarcity of genetic data and research for non-European populations, we561
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hope XMR can provide valuable insights into causal relationships in these groups, thereby562

helping to address medical disparities and advancing global health equity. Therefore, we563

applied XMR to a series of trait pairs for East Asians, Central/South Asians and Africans,564

using Europeans as the auxiliary population. XMR consistently identified significant causal565

relationships undetected by previous MR methods. Many of these findings agreed with566

results from Europeans, which aligns with expectations given the substantially shared genetic567

architecture and causal mechanisms across populations. This helps bridge the gap in scientific568

evidence for the transportability of many findings from European studies, which is increasingly569

supported by emerging studies in target populations. Notably, XMR also uncovered causal570

relationships that appeared unique to underrepresented populations or exhibited distinct effect571

sizes. These findings are particularly noteworthy and may reveal population-specific genetic572

structures or causal pathways, potentially raising important considerations for precision573

treatment. We attempted to explore potential biological mechanisms underlying our findings574

and contextualized them through comparisons with established literature, despite the general575

lack of studies focusing on the target populations. For instance, the smaller effect of BMI on576

cholelithiasis in East Asians aligns with the distinct etiology of cholelithiasis in this population,577

where infection-driven pigment stones are relatively more common compared to Western578

populations. The stronger effect of HbA1c on hypertension in Central/South Asians also579

corresponds to the higher susceptibility to hypertension and more severe outcomes observed580

in this group. Such concordance emphasizes the importance of XMR’s findings and motivates581

further in-depth studies in underexplored populations.582

Despite the advantages of XMR, we are aware of several limitations in our study. First,583

MR findings should be interpreted cautiously and ideally paired with additional experimental584

validation, such as randomized controlled trials (RCTs) or mechanistic studies to confirm585

causal relationships. This is particularly critical for cross-population differences, as observed586

heterogeneity may stem from differences in allele frequency, LD patterns, or genetic effects,587

rather than true causal differences [93]. Thus, our findings should serve as a starting point588

for deeper exploration rather than conclusive evidence. Second, although XMR is designed589

for target populations with limited sample sizes, an adequate sample size is still required for590
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reliable LDSC estimation of confounding correction parameters. When the target sample is591

sufficient for stable LDSC estimation but far smaller than large auxiliary populations—as592

with the East Asian cohort in this study—XMR demonstrates clear advantages over methods593

relying solely on the target population data. Third, our method can exclude invalid IVs594

automatically, which has been shown to be effective in simulations and works well empirically.595

Nevertheless, further investigation is needed to determine whether the selected IVs fully596

satisfy all MR assumptions. Additionally, our IV selection is based only on the auxiliary597

population to facilitate selection bias correction. However, incorporating unique IVs from598

the target population could further enhance statistical power and facilitate the detection of599

population-specific causal signals. Furthermore, while approaches incorporating explicit fine-600

mapping strategies, such as XMAP [94], offer an alternative for addressing LD structures, they601

often entail substantial computational burdens and rely on complex modeling assumptions.602

Therefore, we adopted a more practical strategy that effectively accounts for LD patterns603

without incurring these additional complexities.604

In conclusion, XMR offers a robust and innovative framework for improving causal inference605

in underrepresented populations. By addressing the challenges posed by limited data and606

leveraging cross-population genetic information, XMR bridges critical gaps in genetic research,607

paving the way for more inclusive and equitable precision medicine.608

Methods609

The XMR framework610

As introduced in the Method overview section, XMR is designed to enhance causal inference611

between an exposure X2 and an outcome Y2 in a small-sample target population by leveraging612

GWAS data from the same exposure X1 in a large-sample population. The method integrates613

summary statistics from three GWAS datasets: {γ̂1,j, γ̂2,j, Γ̂2,j, ŝX1,j, ŝX2,j, ŝY2,j}j=1,...,M , where614

γ̂1,j, γ̂2,j and Γ̂2,j denote the estimated effect sizes of the j-th SNP on X1, X2, and Y2,615

respectively, and ŝX1,j, ŝX2,j and ŝY2,j are their corresponding standard errors. Standard616

MR methods rely on three core assumptions for valid causal inference: (I) Relevance: The617
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instrumental variables (IVs) are strongly associated with the exposure; (II) Independence:618

The IVs are independent of any confounding factors affecting the outcome; and (III) Exclusion619

Restriction: The IVs influence the outcome only through the exposure, not via alternative620

pathways. The XMR framework operates in three key stages to ensure these assumptions are621

satisfied: (1) IV selection, (2) confounding correction, and (3) causal effect estimation. During622

the IV selection stage, SNPs strongly associated with X1 are selected based on a significance623

threshold | γ̂1,j
ŝX1,j

|≥ t, resulting in a set of Mt candidate SNPs that satisfy Assumption (I).624

These SNPs are subsequently analyzed using a probabilistic model that disentangles causal625

effects from confounding influences. By incorporating cross-population correlation between626

SNP effects in X1 and X2, XMR improves the robustness and statistical power of the analysis627

compared to traditional MR approaches that rely solely on single-population data.628

The relationship between SNP effect sizes across the three datasets is expressed using the629

following probabilistic model, which consists of a causal inference module and a confounding630

correction module:631






γ̂1,j
γ̂2,j
Γ̂2,j




 = Zj

IV validity

·





γ1,j
γ2,j

βγ2,j+αj





Uncorrelated pleiotropy

Causal effect
︸ ︷︷ ︸

Causal inference module

+





u1,j

u2,j

v2,j





Correlated pleiotropy

+





ϵ1,j
ϵ2,j
ξ2,j





Sample structure
︸ ︷︷ ︸

Confounding correction module

, (1)

where β represents the causal effect of interest. To address Assumption (II), the model632

explicitly accounts for confounding effects, including correlated pleiotropy and population633

structure, via the terms (u1,j, u2,j, v2,j) and (ϵ1,j, ϵ2,j, ξ2,j). Furthermore, we introduce a binary634

latent variable Zj, which indicates whether SNP j is a valid IV (Zj = 1) or not (Zj = 0).635

This mechanism automatically identifies and excludes IVs that violate Assumptions (II) or636

(III) (e.g., through horizontal pleiotropy represented by αj), thereby ensuring robust causal637

estimation.638

Confounding correction module639

The confounding correction module addresses two primary sources of bias in MR analyses:640

correlated pleiotropy and sample structure effects, which can obscure causal relationships. By641
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explicitly modeling these confounders, XMR ensures that the observed SNP-trait associations642

more accurately reflect causal relationships rather than spurious correlations.643

Correlated pleiotropy occurs when SNPs influence multiple traits through shared biological644

mechanisms, leading to non-causal associations between X1, X2 and Y2. This source of bias is645

accounted for by assuming that the pleiotropic effects (u1,j, u2,j, v2,j) follow a multivariate646

normal distribution:647





u1,j

u2,j

v2,j



 ∼ N (0,Ωj) , where Ωj =





ω2
1 ω12 ω1y

ω12 ω2
2 ω2y

ω1y ω2y ω2
y



 . (2)

Here ω2
1, ω

2
2 and ω2

y are the variances of polygenic effects on X1, X2 and Y2, respectively, while648

ω12, ω1y and ω2y quantify the genetic covariances between these traits. Given that linkage649

disequilibrium influences genetic correlations, the covariance matrix Ωj is adjusted to reflect650

local genetic architecture:651

Ωj =





l1jω
2
1 l12jω12 l12jω1y

l12jω12 l2jω
2
2 l2jω2y

l12jω1y l2jω2y l2jω
2
y



 , (3)

where l1j , l2j and l12j are the LD scores of SNP j, representing its correlation structure within652

the large-sample population, the small-sample population, and across the two populations,653

respectively.654

Sample structure is independent of LD and can therefore be distinguished from correlated655

pleiotropy using LD Score Regression (LDSC) [95]. We model sample structure as:656





ϵ1,j
ϵ2,j
ξ2,j



 ∼ N
(

0, ŜjCŜj

)

, where Ŝj =





ŝX1,j 0 0

0 ŝX2,j 0

0 0 ŝY2,j



 ,C =





c1 c12 c1y
c12 c2 c2y
c1y c2y cy



 . (4)

Here Ŝj is a diagonal matrix of the standard errors ŝX1,j , ŝX2,j and ŝY2,j , which accounts for the657

varying uncertainty across datasets. The matrixC describes residual correlations due to shared658

sample structure, with the diagonal elements c1, c2 and cy representing population-specific659

variance, and the off-diagonal elements c12, c1y and c2y modeling cross-dataset correlations.660

When there is substantial sample structure, the diagonal parameters c1, c2 and cy are expected661

to deviate significantly from 1, which is more common in large-sample populations. The662
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off-diagonal term c2y can be attributed to factors like sample overlap between X2 and Y2,663

while nonzero values for c12 and c1y often arise from shared environmental, demographic,664

or socioeconomic factors that contribute to correlations across the two populations. The665

diagonal matrix Ŝj adjusts for differences in sample size, with smaller-sample populations666

typically exhibiting greater uncertainty. This adjustment ensures that the effects of C are667

appropriately balanced.668

Both Ωj and C are pre-estimated from genome-wide summary statistics using LDSC669

prior to the IV selection process. The use of genome-wide SNPs for background parameter670

estimation, distinct from the selected IVs used for causal inference, contributes to the671

identifiability of the model. In summary, the combined variance component Ωj + ŜjCŜj672

provides a comprehensive background adjustment for confounding effects, ensuring reliable673

causal estimation. See more details in Supplementary section 1.2.674

Causal inference module675

With confounding effects accounted for by the pre-estimated parameters, XMR estimates the676

causal effect β using the subset of Mt SNPs selected as IVs. We assume that SNPs may have677

direct effects on the outcome Y2 (αj) in addition to their indirect effects via the exposure X2.678

Since the correlated pleiotropy has already been accounted for in the confounding correction679

step, the InSIDE (INstrument Strength Independent of Direct Effect) assumption [18] can680

be imposed. Specifically, the direct effect αj is assumed to be independent of the true SNP681

effects on X1 and X2, i.e. αj ⊥ (γ1,j, γ2,j). However, γ1,j and γ2,j are assumed to be correlated682

due to the shared genetic structure. To capture these relationships, the effects (γ1,j, γ2,j, αj)683

are modeled as:684





γ1,j
γ2,j
αj



 ∼ N (0,Σ) , where Σ =





σ2
1,f σ12,f 0

σ12,f σ2
2,f 0

0 0 τ 2



 . (5)

Here σ12,f represents the covariance between γ1,j and γ2,j, facilitating the integration of685

auxiliary information from the large-sample GWAS to improve statistical power.686

To further refine causal inference, XMR introduces a binary indicator variable Zj, de-687

termining whether SNP j is a valid IV (Zj = 1) or an invalid one (Zj = 0). If Zj = 0, the688
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observed effects (γ̂1,j, γ̂2,j, Γ̂2,j) are assumed to be fully explained by the variance component689

derived from confounding factors, i.e. Ωj + ŜjCŜj. If Zj = 1, SNP j is treated as a valid690

IV, and the observed SNP effects also include contributions from the true genetic effects691

(γ1,j, γ2,j, βγ2,j + αj), according to Eq. (1). Under this scenario, the total variance component692

is given by: A(β)ΣA(β)T +Ωj + ŜjCŜj, where A(β) encodes the causal relationship:693

A(β) =





1 0 0

0 1 0

0 β 1



 .

This design is particularly crucial for cross-population MR, as IV selection based on a694

large-sample population will inevitably include SNPs that are invalid in the target population.695

By incorporating Zj, XMR can tolerate the presence of invalid IVs during selection while696

automatically identifying and excluding them, thereby minimizing bias. This approach ensures697

that the enriched pool of filtered IVs can be fully utilized to enhance statistical power.698

Accounting for selection bias699

Given the prior probability of SNP j being a valid IV, denoted as π0 = p(Zj = 1), the full700

likelihood model integrates the causal inference and confounding correction modules. The701

joint probability of the observed SNP effects is expressed as:702

p(γ̂1,j, γ̂2,j, Γ̂2,j | π0, β,Σ,Ωj,C, Ŝj, l1j, l12j, l2j)

=π0p(γ̂1,j, γ̂2,j, Γ̂2,j | Zj = 1) + (1− π0)p(γ̂1,j, γ̂2,j, Γ̂2,j | Zj = 0)

=π0N (0,A(β)ΣA(β)T +Ωj + ŜjCŜj) + (1− π0)N (0,Ωj + ŜjCŜj).

(6)

However, due to the pre-selection of IVs based on their association with X1 (| γ̂1,j
ŝX1,j

|≥ t),703

selection bias (commonly referred to as “winner’s curse” [96]) may distort the results. To704

address this issue, the likelihood is adjusted to account for the selection criteria:705

p(γ̂1,j, γ̂2,j, Γ̂2,j | |γ̂1,j/ŝX1,j|≥ t, πt, β,Σ,Ωj,C, Ŝj, l1j, l12j, l2j)

=πt

N (0,A(β)ΣA(β)T +Ωj + ŜjCŜj)

Φ

(

−
tŝX1,j

√

σ2

1,f
+l1jω

2

1
+c1ŝ

2

X1,j

) + (1− πt)
N (0,Ωj + ŜjCŜj)

Φ

(

−
tŝX1,j

√

l1jω
2

1
+c1ŝ

2

X1,j

) , (7)

where πt = p(Zj = 1 | |γ̂1,j/ŝX1,j|≥ t). This adjustment ensures unbiased estimation of the706

causal effect.707
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In practice, LD clumping retains SNPs with smaller P values and thereby introduces708

additional selection bias. This can be mitigated by adjusting the threshold t to t+∆t. This709

increment ∆t accounts for the relationship between the conditioning large-sample population710

X1 and the target population X2 used for LD clumping. Specifically, we demonstrate in711

Supplementary section 1.4 that ∆t depends on the sample size ratio and genetic correlation712

between these two populations.713

Parameter estimation and statistical inference714

As mentioned in the Confounding correction module, the parameters Ω̂j and Ĉ are pre-715

estimated using LDSC on genome-wide summary statistics. Fixing these components, the716

log-likelihood function for the observed data is given by:717

L(θ | Dt) =
Mt∑

j=1

log[πt

N











γ̂1,j
γ̂2,j
Γ̂2,j






∣
∣
∣
∣
∣
0,A(β)ΣA(β)T + Ω̂j + ŜjĈŜj






Φ

(

−
tŝX1,j

√

σ2

1,f
+l1j ω̂

2

1
+ĉ1ŝ

2

X1,j

)

+ (1− πt)

N











γ̂1,j
γ̂2,j
Γ̂2,j






∣
∣
∣
∣
∣
0, Ω̂j + ŜjĈŜj






Φ

(

−
tŝX1,j

√

l1j ω̂
2

1
+ĉ1ŝ

2

X1,j

) ],

(8)

where θ = {πt, β,Σ} denotes the parameters to be estimated and Dt = {γ̂1,j, γ̂2,j, Γ̂2,j,718

ŝX1,j, ŝX2,j, ŝY2,j | |γ̂1,j/ŝX1,j|≥ t}j=1,...,Mt
are the observed data for the Mt selected SNPs. To719

derive the maximum likelihood estimate of θ, an Expectation-Maximization (EM) algorithm720

is employed. Details of the algorithm are provided in the Supplementary section 1.3.721

To test the existence of a causal effect, we perform a likelihood ratio test:722

H0 : β = 0 v.s. H1 : β ̸= 0,

where the test statistic is computed as:723

T = 2
(

L(θ̂ | Dt)− L(θ̂0 | Dt)
)

,
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with θ̂ and θ̂0 being the estimated parameters under hypotheses H1 and H0 respectively. The724

test statistic T follows a χ2 distribution with 1 degree of freedom, allowing for the computation725

of a P value. In addition to the causal effect estimation, the model also provides posterior726

probabilities p(Zj = 1 | Dt), the probability of each SNP being a valid IV. These probabilities727

are visualized in Fig. 1D, where SNPs are color-coded based on their posterior IV validity.728

Distinctions between XMR and MRAPSS729

While XMR extends the probabilistic framework of MRAPSS to a cross-population setting, it730

introduces several distinct methodological advancements tailored to this context:731

First, it addresses IV scarcity via auxiliary data. The most fundamental difference lies732

in XMR’s incorporation of an auxiliary population. MRAPSS relies solely on the target733

population for IV selection. In small-sample scenarios, this often leads to a severe shortage of734

valid IVs, resulting in insufficient statistical power (as shown in Figs. 3, 5, and 6) or even735

complete inapplicability (Fig. 4). By leveraging the auxiliary population, XMR ensures a736

sufficient number of IVs to enable robust inference.737

Second, it enhances power through cross-population correlation. XMR explicitly models738

the genetic correlation, σ12,f , between SNP effects in the auxiliary exposure (X1) and the739

target exposure (X2). This parameter is essential for borrowing information from the larger740

auxiliary dataset to augment estimation in the smaller target dataset. As demonstrated in741

Supplementary section 4.10 (Figs. S28–S31), ignoring this correlation (i.e., enforcing σ12,f = 0)742

significantly diminishes the statistical power, negating the benefit of the auxiliary data.743

Third, it addresses selection bias arising from mismatched populations. A unique method-744

ological challenge in cross-population MR is that LD clumping is applied to the target745

population, while IV selection is based on a threshold applied to the auxiliary population.746

This challenge does not exist in single-population MR analysis. If the selection bias from IV747

selection (based on the auxiliary population) and LD clumping (based on the target popula-748

tion) is not accounted for, type I error rates may not be properly controlled. To handle this,749

XMR introduces a specialized correction term, ∆t, to account for the population difference750

(details in Supplementary section 1.4). Neglecting this correction leads to inflated type I error751
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rates, as evidenced by false positives in our negative control studies (Supplementary section752

4.10, Fig. S27).753

Computation754

The computation time for analyzing a single trait pair using XMR varies from under 3755

minutes to over 1 hour, depending on data complexity. Specifically, parameter estimation756

for confounding factors typically requires 1–2 minutes. The runtime for the variational-EM757

algorithm depends on the number of IVs and the iterations required for convergence. For758

a pair with approximately 500 IVs, causal effect estimation is typically completed in less759

than 15 minutes on a Linux server equipped with an Intel® Xeon® CPU E5-2699 v4 @760

2.20GHz. For large-scale analyses involving many trait pairs, a parallel computing framework761

can be employed to maximize the utilization of available CPU cores, thereby achieving high762

scalability and significantly reducing the total runtime.763

Data and code availability764

All GWAS summary statistics used in this paper are publicly available. The data sources765

are listed in the Experiment design section. The URLs for downloading the datasets are766

summarized in Supplementary Tables S4, S15, S20, and S23. XMR is implemented as an767

open-source R package. The XMR software, example datasets, and source code for reproducing768

the results are available at https://github.com/YangLabHKUST/XMR.769
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