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Abstract 

Background 

Transcriptome-wide Mendelian randomization (MR) can identify expression traits associated with disease, but 

correlated cis-regulation may cause multiple neighboring traits to reflect the same underlying locus. We investigated 

chronic kidney disease (CKD) using a locus-aware framework that interpreted genetically connected expression traits at 

the locus level rather than as independent gene-level findings. 

Methods 

We tested 15,285 blood cis-eQTL-defined expression traits for association with CKD in FinnGen. Single-instrument 

traits were analyzed using the Wald ratio, while traits with multiple instruments were analyzed using multiplicative 

random-effects inverse-variance weighted MR (MRE-IVW). Traits meeting the FDR threshold underwent locus 

mapping, colocalization, assessment in an independent CKD dataset, and integration of renal transcriptomic, kidney 

eQTL, and single-nucleus evidence. 



 

 

Results 

The primary analysis identified 28 FDR-significant gene-expression traits, 12 of which also met the Bonferroni 

threshold. These traits were grouped into nine operationally defined candidate loci, with 19 mapping to a single 

complex locus within the major histocompatibility complex (MHC). Strong colocalization was observed for ANKUB1 

and RSAD2 at distinct non-MHC loci and for IER3 within the MHC. After excluding the MHC, nine FDR-significant 

traits remained across eight non-MHC loci, including two Bonferroni-significant traits and two with strong 

colocalization. Among the five traits eligible for multi-instrument sensitivity analyses, none showed a significant MR-

Egger intercept. One TUBB leave-one-out omission met the prespecified influence criterion. In the primary exact-rsID 

CKDGen analysis, 14 traits were estimable and 11 showed direction-concordant effects, although none remained 

significant after replication-wide FDR correction. Identifier harmonization enabled all 28 traits to be evaluated and 

identified four FDR-significant, direction-concordant traits, all within the MHC. These findings strengthened support 

for the MHC locus without resolving gene attribution within the region. 

Conclusions 

Transcriptome-wide MR identified 28 CKD-associated expression traits across nine candidate loci. ANKUB1 and 

RSAD2 were prioritized as distinct non-MHC candidates with strong colocalization support by colocalization, whereas 

IER3 remained embedded within an unresolved complex MHC locus despite strong single-signal colocalization. These 

findings support targeted functional follow-up without establishing any candidate as a validated causal gene or 

therapeutic target. 

Keywords: Mendelian randomization, chronic kidney disease, expression quantitative trait loci, colocalization, major 

histocompatibility complex 



 

 

Introduction 

Chronic kidney disease (CKD) is a major contributor to morbidity and premature mortality worldwide. Although several 

therapies can slow disease progression, substantial residual risk remains [1–3]. Large genome-wide association studies 

have identified numerous loci associated with kidney function and CKD-related traits. However, translating these locus-

level associations into specific genes and biological mechanisms remains challenging [4, 5]. 

Expression quantitative trait loci (eQTLs) link genetic variation to gene expression and can therefore serve as genetic 

proxies for transcriptional regulation in transcriptome-wide Mendelian randomization and related association analyses 

[6–10]. However, an expression trait associated with disease does not necessarily represent an independently resolved 

gene. Neighboring genes may share regulatory variants, while linkage disequilibrium can cause multiple expression 

traits to track the same disease-associated haplotype [11]. Colocalization can assess whether gene-expression and 

disease-association signals are consistent with a shared underlying variant, but evidence from a single-signal model 

does not by itself establish that one gene is the unique effector at the locus [12–15]. 

This issue is particularly important in the MHC, where high gene density, extensive polymorphism, long-range linkage 

disequilibrium, and coordinated regulation of multiple genes complicate the interpretation of association signals [16, 

17]. Expression associations arising from the same MHC region may therefore reflect correlated regulatory architecture 

rather than independent gene-level effects. Treating these associations as separate discoveries can inflate the apparent 

number of findings and obscure the attribution of disease-associated signals to specific genes. 

In this study, we performed a transcriptome-wide cis-eQTL Mendelian randomization analysis of CKD and applied a 

consistent downstream evaluation to all expression traits that met the FDR threshold. Significant traits were grouped 

into genetically connected loci, and the contribution of the MHC to the overall discovery pattern was assessed 



 

 

explicitly. Colocalization, an independent CKD outcome dataset, renal transcriptomic evidence, kidney eQTL data, and 

single-nucleus expression profiles were then integrated to refine locus-level interpretation. The study was designed to 

distinguish correlated cis-regulatory associations from more clearly resolved candidate loci and expression traits, while 

retaining negative, unavailable, and directionally discordant evidence. The overall aim was to prioritize a limited set of 

candidates for functional investigation without interpreting correlated trait-level associations as independent causal 

genes. 

Methods 

Study design and data sources 

The study was conducted and reported in accordance with STROBE-MR recommendations [18]. Blood cis-eQTL 

summary statistics were obtained from the eQTLGen Consortium. In the source dataset, cis-eQTL pairs were defined as 

variants located within 1 Mb of the gene centre and tested in at least two participating cohorts [6]. Blood eQTLs were 

selected as the primary exposure resource because they enabled a consistent transcriptome-wide analysis across a large 

set of expression traits. Kidney eQTL datasets were used to provide complementary tissue-specific regulatory context 

rather than as formal replication datasets, because their smaller sample sizes and available summary-statistic formats did 

not permit a comparable transcriptome-wide analysis. 

The primary outcome was the registry-defined chronic kidney disease endpoint N14_CHRONKIDNEYDIS from 

FinnGen release 13, which included 14,402 cases and 477,611 controls. The independent CKDGen dataset comprised 

participants of European ancestry and defined CKD primarily as an estimated glomerular filtration rate below 60 

mL/min/1.73 m². This dataset included 41,395 cases and 439,303 controls [4, 19]. An overview of the study workflow 

and the characteristics of the data sources is provided in Figure 1 and Table 1. 



 

 

Instrument selection, harmonization and primary MR analysis 

Genetic instruments were selected at P < 5×10-8 and clumped separately for each expression trait using the European 

1000 Genomes reference panel, with an LD threshold of r2 < 0.001 within a 10-Mb window. Instrument strength was 

assessed using ܨ =  ,², and all retained instruments had F > 10 [20]. After harmonization(௘௫௣௢௦௨௥௘ܧܵ/௘௫௣௢௦௨௥௘ܽݐܾ݁)

the analytical dataset contained 28,915 gene-instrument rows representing 15,285 expression traits. 

eQTLGen provided Z scores rather than effect estimates and standard errors. We therefore reconstructed the standard 

error as ܵܧ = 1)݌2] − ܰ)(݌ + ܼ2)] ∧ −1 2⁄  and calculated the effect estimate as ܾ݁ܽݐ = ܼ ×  where ,ܧܵ

 represented the assessed-allele frequency and ܰ represented the SNP-gene sample size. Allele-frequency records ݌

were aligned to the assessed allele before reconstruction. The reported AlleleB frequency was retained when AlleleB 

corresponded to the assessed allele. When AlleleA corresponded to the assessed allele, the frequency was converted to 

1 −  ஻. Reconstruction and allele-orientation checks were required to agree within numerical tolerance before theܨܣ

variant was retained. 

FinnGen outcome variants were matched first by rsID. When an rsID match was unavailable, matching was attempted 

using a unique lifted genomic coordinate together with a compatible allele pair. Direct, swapped, strand-complement, 

and strand-complement-swapped orientations were resolved before effect alleles were aligned. Palindromic variants 

with intermediate allele frequencies were excluded under action 2 harmonization. A variant was retained only when a 

single compatible FinnGen outcome record could be identified. Variants with missing outcome data, incompatible 

alleles, or multiple compatible outcome records were recorded and excluded rather than resolved through arbitrary row 

selection. 

The 15,285 Ensembl v71 expression traits represented 15,285 unique gene identifiers and 15,245 gene symbols used for 



 

 

display. Repeated symbols therefore corresponded to distinct Ensembl identifiers rather than duplicated analytical traits. 

No probe-level selection or aggregation was performed (Supplementary Table S10b). 

Traits represented by a single instrument were analyzed using the Wald ratio. For traits with at least two instruments, 

multiplicative random-effects inverse-variance weighted MR was used. The residual dispersion factor was constrained 

to a minimum value of one so that residual underdispersion could not produce a standard error smaller than the 

corresponding fixed-effect estimate. The standard error was calculated as ܵܧெோா = ிாܧܵ  ×  √max(1, ܳ/݂݀). 

This approach allows residual heterogeneity to increase the standard error but does not allow underdispersion to reduce 

it [21]. Benjamini-Hochberg false-discovery rates were calculated across all 15,285 expression traits. The Bonferroni-

corrected significance threshold was P < 3.27×10-6. Additional implementation-level validation and computational 

cross-checks are described in the Supplementary Methods. 

MR sensitivity analyses 

Cochran’s Q was calculated for traits with at least two instruments. MR-Egger, weighted-median, and leave-one-out 

analyses were performed for traits with at least three instruments, while MR-PRESSO was applied to traits with at least 

four instruments [22–24]. A leave-one-out deletion was prespecified as influential if removal of a single variant reversed 

the direction of the primary effect estimate or changed the beta by more than 50% relative to the estimate obtained using 

all retained instruments. 

Steiger directionality analysis was performed exploratorily for all FDR-significant traits [25]. SNP-specific correlations 

with the exposure were reconstructed from the exposure effect estimate, standard error, and sample size. Correlations 

with the outcome were estimated using get_r_from_lor with 14,402 cases, 477,611 controls, and assumed 

population prevalences of 0.05, 0.10, and 0.15. Because this approach uses a prevalence-informed latent-logit 



 

 

approximation rather than a conventional liability-scale or probit-scale transformation, the resulting directionality 

evidence was considered supportive rather than definitive. SNP-specific squared correlations were summed across the 

retained instruments before comparison using mr_steiger. Analyses that did not meet the required instrument count 

were classified as NOT_APPLICABLE. 

Colocalization analysis 

All FDR-significant expression traits underwent coloc.abf analysis within the same gene-centred ±500-kb window. 

Both the eQTL and CKD datasets were supplied using effect estimates and their corresponding variances. For the 

quantitative eQTL model, we used the aligned eQTLGen effect estimate, standard error, assessed-allele frequency, and 

variant-specific sample size, with sdY = 1. For the case-control CKD model, we used the FinnGen effect estimate, 

standard error, and alternate-allele frequency, with a total sample size of 492,013 and a case fraction of 

14,402/492,013. 

The prior probabilities were initially specified as p1 = p2  = 1×10-4 and p12 = 1×10-5 [12]. In regions containing 

large numbers of matched variants, the effective values of p1 and p2 were capped at 0.99/݉, where ݉ was the 

number of matched variants. The effective value of p12 was further constrained so that it did not exceed either p1 or 

p2. Colocalization was classified as strong when PP.H4≥0.80, moderate when 0.50≤PP.H4＜ 0.80, and 

insufficiently supported when PP.H4 < 0.50. Prior sensitivity analyses varied the requested value of p12 from 1×10-6 

to 1×10-4 while applying the same validity constraints. 

SuSiE-based colocalization was attempted only for regions in which aligned local linkage disequilibrium information 

covered at least 95% of the required variants [14]. Regions that did not meet this coverage threshold were not analyzed 

with SuSiE. Analyses that failed to converge were recorded as unavailable rather than interpreted as evidence against 



 

 

colocalization. 

Locus definition and MHC sensitivity analysis 

The 28 FDR-significant expression traits were grouped into connected candidate loci after completion of the primary 

MR analysis. Two traits were considered connected if their gene coordinates were within 1 Mb of each other, if they 

shared an MR instrument, or if their lead eQTLs were in linkage disequilibrium at r2 ≥ 0.1 in the available European 

reference panel. Transitive connections were then used to define operational locus groups for interpretation. These 

groups were not considered to represent conditionally independent causal signals.  

The reference MHC interval was defined as GRCh37 chr6:28,477,797–33,448,354. Its local architecture and the 

broader extended-MHC context were interpreted with reference to established MHC maps and regulatory studies [16, 

17]. An MHC-excluded analysis was prespecified as a sensitivity analysis to assess the extent to which this complex 

region influenced the overall discovery pattern. It was interpreted alongside, rather than as a replacement for, the MHC-

inclusive primary analysis. 

The robustness of the locus definition was further examined by reducing the physical-distance threshold to 500 kb, 

varying the lead-eQTL linkage-disequilibrium threshold to r2 = 0.05 and r2 = 0.2, and applying a definition based 

only on shared instruments or linkage disequilibrium. For each alternative definition, we recorded the total number of 

connected components and assessed whether the key candidate loci remained stable. 

Independent CKD outcome analysis 

CKDGen summary statistics were used for independent outcome assessment. The primary analysis used exact rsID 

matching without linkage-disequilibrium proxies or post hoc variant substitution. Of the 50 requested variants, 22 were 

matched, allowing 14 expression traits to be estimated. A prespecified sensitivity analysis additionally allowed unique 



 

 

coordinate-and-allele matching, which recovered 27 variants and left one unavailable. No proxy or nearest-variant 

substitution was used. 

Trait-level effects were estimated using the same Wald-ratio and MRE-IVW procedures as in the primary analysis. 

Directional concordance with FinnGen, nominal significance, and FDR were evaluated separately. The exact-rsID 

analysis remained primary, while the identifier-harmonized analysis was treated as a sensitivity analysis. 

Renal transcriptomic analysis 

Renal transcriptomic datasets were identified from Gene Expression Omnibus metadata before inspection of candidate-

level results [26, 27]. Twenty-two GEO Series contributed 61 prespecified disease and compartment contrasts. One 

contrast did not meet the eligibility criterion, leaving 60 contrasts for analysis. The renal-expression analysis evaluated 

prespecified individual contrasts, including GSE66494 as the primary dataset and GSE104954 as an independent 

dataset. 

For each contrast, an approximate standardized mean difference was derived from the limma moderated t statistic as 

݀ = ௠௢ௗ√(1/݊௖௔௦௘ݐ + 1/݊௖௢௡௧௥௢௟). Hedges’ ݃ was then calculated as ݃ = ܬ where ݀ܬ = 1 − 3/(4݂݀ − 1) and 

݂݀ = ݊௖௔௦௘ + ݊௖௢௡௧௥௢௟ − 2. Sampling variance was estimated using the prespecified large-sample approximation 

(݃)ݎܸܽ = (݊௖௔௦௘ + ݊௖௢௡௧௥௢௟)/(݊௖௔௦௘  ݊௖௢௡௧௥௢௟) + ݃²/(2݂݀) for its sampling variance [28]. Because these effect sizes 

were derived from limma moderated t statistics rather than directly from group means and standard deviations, they 

were treated as approximate standardized effects. They were used for cross-study visualization and biological context 

rather than as causal estimates. 

Within groups defined by disease, tissue compartment, and dataset independence, the dataset with the largest sample 

size was retained. When sample sizes were equal, the dataset with the smaller standard error was selected. Renal meta-



 

 

analysis was conducted separately from the individual contrast analysis and required at least two independent groups 

within the same prespecified disease and compartment stratum. Random-effects models were fitted using 

metafor::rma.uni with restricted maximum likelihood estimation and z-based inference [29, 30]. Global FDR 

correction was applied across the 284 estimable strata. Representative strata were selected according to cohort count, 

total sample size, and pooled standard error without consideration of statistical significance. IER3 was prespecified as 

the anchor expression trait for L03. Raw expression measurements from different platforms were not pooled. 

Kidney eQTL and single-nucleus localization 

Kidney regulatory evidence was assessed using GTEx v10 kidney cortex data and the Human Kidney eQTL Atlas meta-

analysis, tubule, and glomerular datasets [31–34]. Because the available Atlas files were significance-truncated, they 

were used only to assess eGene status and allele-resolved overlap with MR instruments and were not used for 

colocalization. Single-nucleus localization was evaluated using 19,985 nuclei from five normal adult kidney-cortex 

donors [35]. Sparse count matrices were processed in batches of 500 nuclei and summarized at the donor and author-

defined cell-type levels. No differential-expression analysis was performed. 

Trait- and locus-level evidence integration 

The main evidence landscape integrated eight genetic and contextual domains. Each domain was classified as 

supported, no support detected, unavailable, direction-discordant, or not applicable. MR support was defined as 

FDR < 0.05, and Bonferroni support required P < 3.27 × 10-6. Colocalization support required PP.H4 ≥ 0.50, with 

strong and moderate colocalization retained as separate categories in the underlying evidence table. Independent CKD 

support required an estimable effect that was direction-concordant with the primary FinnGen estimate and nominally 

significant at P < 0.05. 



 

 

Criteria for renal expression, renal meta-analysis, kidney eQTL evidence, and single-nucleus localization are provided 

in the Supplementary Methods and Supplementary Table S22. IER3 was used consistently as the anchor expression trait 

for L03. Evidence from other MHC traits was not combined with IER3 to generate gene-specific support. 

Evidence from multiple expression traits within the same locus was not summed. The main evidence landscape was 

therefore descriptive and did not generate an overall numerical ranking. Alternative weighting schemes and different 

approaches to unavailable evidence were examined only in supplementary sensitivity analyses. 

Results 

Transcriptome-wide Mendelian randomization identified 28 FDR-significant expression traits 

The primary analysis included 15,285 cis-eQTL-defined expression traits. Of these, 28 were associated with CKD at a 

Benjamini–Hochberg false-discovery rate (FDR) below 0.05, and 12 also met the Bonferroni-corrected significance 

threshold (Figure 2; Supplementary Table S2). Instrument availability was limited among the significant traits. Thirteen 

were represented by a single instrument, 10 by two instruments, and only five by three or more instruments. When these 

28 expression traits were grouped according to the prespecified locus definition, they formed nine operationally defined 

candidate loci. Nineteen traits mapped to a single complex MHC locus, indicating that the 28 significant expression 

traits did not represent 28 independent gene discoveries. 

Primary MR estimates 

Among the FDR-significant non-MHC traits, ANKUB1 was estimated using a single-instrument Wald ratio and was 

associated with higher CKD odds (OR = 2.488, 95% CI 1.701-3.638, P = 2.59×10-6, FDR = 0.00330, nSNP = 1). 

RSAD2 was also estimated using a single-instrument Wald ratio and was associated with lower CKD odds 

(OR=0.506, 95% CI 0.360-0.712, P = 9.10×10-5, FDR = 0.0497, nSNP = 1) (Figure 3 and Figure 4). Within the 



 

 

complex MHC locus, IER3 was estimated using MRE-IVW and was associated with higher CKD odds 

(OR = 1.133, 95% CI 1.070-1.198, P = 1.61×10-5, FDR = 0.0154, nSNP = 5). The IER3 estimate represents an 

expression trait within the MHC and does not resolve gene attribution within this complex locus. 

Sensitivity analyses of eligible multi-instrument traits 

Sensitivity analyses were performed only when the required number of instruments was available (Supplementary 

Figures S2–S6 and Supplementary Table S7). Scatter plots comparing MR methods, leave-one-out plots, funnel plots, 

and SNP-level forest plots were generated for the five traits with at least three retained instruments: C4A, IER3, 

PSORS1C3, RP11-137H2.4, and TUBB. Cochran’s Q could be calculated for 15 traits and showed nominal evidence of 

heterogeneity only for IER3 (Q = 10.80, df = 4, P = 0.0289). MR-Egger analysis was possible for all five traits with at 

least three instruments, and none of the intercept tests reached P < 0.05. For IER3, the intercept P value was 0.797. 

Because these analyses were based on only three to five instruments, the MR-Egger intercept tests had limited power, 

and non-significant results cannot exclude directional pleiotropy. 

Weighted-median estimates were directionally consistent with the primary estimates for all five eligible traits, including 

IER3 (OR = 1.131). MR-PRESSO could be applied to three traits with at least four instruments. None of the global tests 

was significant, and no outliers were identified. For IER3, the global P value was 0.354. Exploratory Steiger analyses 

favoured the exposure-to-outcome direction for all 28 traits under each prevalence assumption examined. These 

findings were treated as supportive rather than definitive because the analysis relied on a latent-logit approximation 

rather than a conventional liability- or probit-scale transformation. 

Leave-one-out analysis was available for five traits. No single omission reversed the direction of effect. TUBB was the 

only trait that met the prespecified influence rule, as removing rs149543464 changed the primary beta by more than 



 

 

50%. No omission met this criterion for IER3. Funnel-plot symmetry was not interpreted for the two traits with only 

three instruments. Overall, the sensitivity analyses provided no statistical evidence of directional pleiotropy or 

dependence of the IER3 estimate on a single instrument. However, the limited number of instruments meant that these 

analyses could not establish uniform robustness across all multi-instrument traits. 

Significant expression traits mapped to nine operationally defined candidate loci 

Accordingly, the 28 FDR-significant expression traits represented nine candidate loci rather than 28 independent genes 

or causal signals (Table 2). L01 contained RSAD2, L02 contained ANKUB1, and L03 represented the complex MHC 

locus. The remaining loci comprised KIAA1919 (L04), BICC1 (L05), RP11-137H2.4 (L06), CLNS1A (L07), SKOR1 

(L08), and AGPHD1/PSMA4 (L09). AGPHD1 and PSMA4 shared the same MR instrument and were therefore grouped 

within the same locus. 

Nineteen of the 28 significant expression traits were located within the MHC locus. These were GNL1, TUBB, IER3, 

PSORS1C3, HCP5, LTA, APOM, DDAH2, HSPA1L, NEU1, EHMT2, C4A, TNXA, C4B, CYP21A2, ATF6B, PRRT1, 

RNF5, and TAP1. The primary result should therefore be interpreted as 28 FDR-significant expression traits distributed 

across nine candidate loci rather than as 28 independent genes or causal signals. 

The overall nine-locus structure was unchanged when the lead-eQTL LD threshold was set to either r² = 0.05 or 

r² = 0.2. Reducing the physical-distance threshold to 500 kb increased the number of loci to 10 and placed 18, rather 

than all 19, MHC traits within the component containing IER3. When the physical-distance criterion was removed 

entirely, the number of connected components increased to 25 because most MHC lead variants were either unavailable 

or only weakly linked in the reference panel. Despite these changes, ANKUB1 and RSAD2 remained separate singleton 

loci under every definition examined, while AGPHD1 and PSMA4 consistently remained grouped because they shared 



 

 

the same MR instrument (Supplementary Figure S15 and Supplementary Table S11). 

Excluding the MHC reduced trait-level discovery counts 

The MHC-inclusive primary analysis identified 28 FDR-significant traits, 12 Bonferroni-significant traits, and three 

traits with strong colocalization. Excluding the MHC reduced these counts to nine FDR-significant traits, two 

Bonferroni-significant traits, and two strong-colocalization traits across eight non-MHC loci (Supplementary Figure S7 

and Supplementary Table S9). The primary MR estimates were not recalculated. The reduction therefore reflected 

exclusion of MHC-associated traits rather than re-estimation of the primary effect estimates. 

Colocalization supported two distinct non-MHC candidates and one unresolved MHC signal 

All 28 FDR-significant expression traits underwent coloc.abf analysis, with at least 2,268 matched variants available 

in each region (Figure 3 and Figure 4). Strong colocalization was observed for ANKUB1 (PP.H4 = 0.969), RSAD2 

(PP.H4 = 0.953), and IER3 (PP.H4 = 0.997). Moderate colocalization was found for CLNS1A, KIAA1919, and four 

MHC traits, including C4A, C4B, CYP21A2, and TNXA. The remaining 19 traits showed insufficient evidence of 

colocalization. 

ANKUB1 and RSAD2 showed strong colocalization at two distinct non-MHC loci. IER3 also showed strong 

colocalization under the single-signal model, but its signal was located within the complex MHC locus. Because this 

region contained several correlated significant expression traits and no convergent multi-signal fine-mapping result was 

available, IER3 was not considered an independently resolved causal gene. Two regions met the linkage-disequilibrium 

coverage requirement for SuSiE analysis, but neither analysis converged. These analyses were therefore recorded as 

unavailable rather than interpreted as evidence for or against colocalization. 

Independent CKD outcome assessment 



 

 

In the primary exact-rsID CKDGen analysis, 14 of the 28 traits were estimable, and 11 showed the same direction of 

effect as in FinnGen (Figure 5). ANKUB1 was the only trait with nominal evidence of association 

(OR = 1.388, 95% CI 1.049-1.836, P = 0.0216), although none remained significant after replication-wide FDR 

correction. IER3, C4A, and SKOR1 showed effects in the opposite direction. The other 14 traits were unavailable under 

the exact-rsID matching rule, and this missingness was not interpreted as evidence against association. 

The identifier-harmonized sensitivity analysis recovered 27 uniquely matched coordinate-and-allele aliases, leaving 

only one requested variant unavailable. This allowed all 28 traits to be evaluated (Supplementary Figure S20 and 

Supplementary Tables S24–S25). Twenty-one estimates were direction-concordant with the FinnGen results, five 

reached nominal significance, and four remained significant after FDR correction in the sensitivity analysis. These were 

APOM (OR = 0.786, 95% CI 0.717-0.861, FDR = 6.77 × 10-6), ATF6B 

(OR = 1.144, 95% CI 1.070-1.223, FDR = 0.00123), NEU1 (OR = 0.803, 95% CI 0.717-0.899, FDR = 0.00135), and 

PRRT1 (OR = 1.215, 95% CI 1.071-1.379, FDR = 0.0179). All four traits were located within L03. These findings 

provided additional locus-level support for L03 but did not resolve a single causal gene within the region and did not 

replace the primary exact-rsID analysis. 

Renal and kidney regulatory evidence was heterogeneous 

The renal analysis yielded 1,415 eligible standardized contrast rows, of which 1,124 independent rows were retained 

across 676 disease–compartment strata. Random-effects models could be fitted for 284 strata, while 392 strata were 

represented by a single group and were retained for descriptive purposes only. For the locus-aware display, one 

representative renal stratum was selected for each of seven evaluable loci according to the predefined hierarchy of 

cohort count, total sample size, and pooled standard error. Statistical significance was not used in this selection process 



 

 

(Figure 6). 

Where available, the representative strata included three or four independent cohorts. IER3, which served as the anchor 

trait for L03, showed higher expression in the representative focal segmental glomerulosclerosis (FSGS) glomerular 

stratum (Hedges g = 0.770, 95% CI 0.403-1.137, global FDR = 0.000846). In contrast, the representative strata for 

ANKUB1 and RSAD2 were not statistically significant. IER3 also showed FDR-significant effects opposite to the MR 

direction in several other disease and compartment strata, including tubulointerstitial contrasts in IgA nephropathy, 

minimal-change disease, and lupus nephritis. L03 was therefore classified as having mixed renal evidence rather than 

uniformly concordant or discordant evidence. All evaluated strata, including the diabetic-kidney-disease glomerular 

stratum for ANKUB1, are reported in the Supplementary Information without significance-based selection. Because 

disease-associated expression may reflect upstream mechanisms, downstream injury responses, treatment effects, or 

changes in cell composition, these renal findings were interpreted as contextual evidence rather than causal replication. 

In the kidney eQTL analyses, six of the 28 traits were eGenes in GTEx kidney cortex. The Kidney eQTL Atlas 

identified 17 eGenes in the meta-analysis, 14 in tubule, and 17 in glomeruli. Allele-resolved instrument overlaps 

concordant with the MR direction were observed for C4A and PSORS1C3 in GTEx, for KIAA1919 in the Atlas meta-

analysis and glomerular dataset, and for RP11-137H2.4 in the Atlas meta-analysis. BICC1 showed direction-discordant 

overlaps across all three Atlas resources. Because the Atlas datasets include related samples, these observations were not 

treated as independent replications. 

Twenty-two of the 28 candidate traits were detected in the normal-kidney single-nucleus atlas. These data provided 

information on expression across the author-defined kidney cell populations but were not used to assess differential 

expression or causal mediation. 



 

 

Locus-aware evidence landscape distinguished genetic from contextual evidence 

The nine-row evidence landscape distinguished genetic evidence from contextual renal evidence and did not assign an 

overall rank (Figure 7). L02, represented by ANKUB1, showed FDR- and Bonferroni-significant MR evidence, strong 

colocalization, nominal direction-concordant evidence in the exact-rsID CKDGen analysis, and localization in the 

single-nucleus dataset. L03 was represented by IER3 throughout the main display. Its strong single-signal colocalization 

was accompanied by direction-discordant evidence in the exact-rsID CKDGen analysis, MHC-level support in the 

identifier-harmonized sensitivity analysis, mixed renal meta-analytic evidence, kidney eQTL support, and single-

nucleus localization. L03 therefore combined strong genetic evidence with mixed contextual renal evidence. 

The supplementary scoring analyses were sensitive to both domain weighting and the treatment of unavailable evidence, 

indicating that a single numerical ranking was not well supported. Regardless of the scoring scheme, ANKUB1 and 

RSAD2 remained the distinct non-MHC traits with strong colocalization, whereas IER3 remained an anchor expression 

trait within the unresolved MHC locus. 

Discussion 

This study identified 28 CKD-associated expression traits that grouped into nine operationally defined candidate loci. 

Much of the apparent discovery burden was driven by a single complex MHC locus. The primary MR estimates 

themselves did not change, but the locus-aware interpretation substantially changed what could reasonably be inferred 

from them. The findings therefore support a set of associated expression traits and candidate loci rather than 28 

independent causal genes. The nine locus groups were used as practical units for interpretation and should not be 

regarded as nine conditionally independent CKD causal signals. 

ANKUB1 and RSAD2 provided the clearest strong-colocalization evidence outside the MHC. ANKUB1 was prioritized 



 

 

because it combined Bonferroni-significant MR evidence, location in a distinct non-MHC locus, strong colocalization, 

and nominal direction-concordant association in the primary exact-rsID CKDGen analysis. This prioritization was not 

based on the magnitude of its odds ratio or on a presumed biological mechanism. Its CKDGen association did not 

survive replication FDR correction, and its renal expression estimates varied across disease–compartment strata. 

ANKUB1 also remains poorly characterized in kidney biology. Its genetic association should therefore guide functional 

investigation rather than substitute for it. RSAD2 also showed strong colocalization, but its CKDGen estimate was only 

direction-concordant without nominal significance, and its representative renal meta-analytic estimate was direction-

discordant. Existing studies linking RSAD2 to renal and interferon-related processes provide biological plausibility but 

do not establish that the same pathway mediates the MR association. Both ANKUB1 and RSAD2 were supported by a 

single instrument. MR-Egger, weighted-median, funnel, and leave-one-out analyses were therefore not applicable, and 

instrument-specific horizontal pleiotropy cannot be formally excluded despite the strong regional colocalization. These 

findings justify focused functional follow-up but do not validate either gene as causal or therapeutic. 

BICC1 provides a useful example of why MR significance alone was not sufficient for prioritization. Its primary MR 

association exceeded the Bonferroni threshold, yet colocalization support was insufficient and both kidney regulatory 

evidence and renal meta-analytic direction were discordant. This pattern does not invalidate the MR estimate. It does, 

however, weaken a gene-specific interpretation of the locus and illustrates why candidates should not be ranked solely 

by MR P values. 

Gene-level association and locus-level causal interpretation are not equivalent. Cis-eQTL MR estimates the association 

between genetically proxied expression and disease, but correlated regulation within the same region can generate 

significant results for several neighboring expression traits. This was particularly evident in the MHC, where 19 

significant traits mapped to one complex locus. Trait-level significance was therefore not interpreted as evidence for 19 



 

 

independent causal genes. 

The MHC findings also highlight the limitations of single-signal colocalization. IER3 had the highest PP.H4, while C4A, 

C4B, CYP21A2, and TNXA also showed moderate colocalization within the same gene-dense region. Extensive linkage 

disequilibrium and multi-gene regulatory effects can produce similar disease-associated patterns across several 

expression traits [15–17]. The defensible interpretation is therefore that IER3 showed strong colocalization under the 

single-signal model within the complex MHC locus. Resolving a unique effector would require reliable conditional or 

multi-signal fine-mapping together with tissue-relevant functional evidence. 

The independent outcome and renal analyses further narrowed the interpretation of the primary findings. In the primary 

exact-rsID CKDGen analysis, only one of the 14 estimable traits showed nominal evidence of association, and none 

survived replication FDR correction. Identifier harmonization increased coverage and identified four FDR-significant, 

direction-concordant traits, but all four were located within the complex MHC locus. This added support at the level of 

L03 without resolving gene attribution within the region. Renal expression analyses provided additional biological 

context but showed both concordant and discordant patterns. Such variation is consistent with disease-state transcription 

reflecting not only upstream mechanisms but also tissue injury, treatment effects, and changes in cellular composition. 

Kidney eQTL and single-nucleus data added information on regulatory activity and anatomical localization, but neither 

provided evidence of causal mediation. Earlier CKD MR studies often interpreted significant expression traits, proteins, 

or selected transporters at the trait or gene level, whereas an integrative DACH1 study combined transcriptomic 

evidence with detailed functional experiments [36–41]. The present study instead applies a consistent locus-aware 

interpretation across a transcriptome-wide screen. Its contribution lies in the interpretive framework rather than in a new 

MR estimator or in experimental validation. 



 

 

Experimental studies have linked IER3 to the transition from acute kidney injury to CKD and have implicated RSAD2 in 

interferon responses and podocyte differentiation [42–44]. These observations provide hypotheses for follow-up rather 

than confirmation of the present genetic findings. Kidney multi-omics and glomerular proteomic studies have also 

implicated MHC-related complement components, although they do not resolve the causal gene within the locus 

identified here [45, 46]. 

Several features strengthen the study. The primary MR analysis was finalized before the downstream analyses were 

repeated, and every FDR-significant trait underwent the same colocalization workflow. The complete set of 28 traits, 

including all 19 MHC traits, was retained in the supplementary material rather than selectively reported. The CKDGen 

sensitivity analysis preserved the primary exact-rsID analysis while separately evaluating uniquely recoverable 

identifier aliases. Locus mapping, the prespecified MHC-excluded sensitivity analysis, and explicit evidence states 

reduced the risk of counting correlated traits or unavailable data as independent support. Sensitivity analyses of locus 

definitions and evidence weighting also showed why a single numerical ranking would not be appropriate. 

Several limitations should be considered. Blood cis-eQTL effects may not reflect regulation within specific kidney 

compartments or disease states. Available kidney eQTL datasets provided useful regulatory context but could not 

support a uniform transcriptome-wide replication analysis comparable with eQTLGen because of their smaller sample 

sizes and restricted summary-statistic structures. Thirteen of the 28 significant traits relied on single-instrument Wald 

ratios and therefore could not undergo multi-instrument pleiotropy or influence analyses. Standard MR assumptions 

remain relevant, including the possibility of horizontal pleiotropy, winner selection, exposure–outcome sample overlap, 

and limited generalizability beyond predominantly European or Finnish populations. 

Clumping and locus connectivity were based on European 1000 Genomes linkage disequilibrium. This reference may 



 

 

not fully capture Finnish founder-population LD and could therefore influence instrument independence or the 

connections used to define loci. MR-Egger analyses were available for only five traits, each with three to five 

instruments, which limited power to detect directional pleiotropy. A non-significant intercept should therefore not be 

interpreted as evidence that pleiotropy is absent. The exploratory Steiger analysis used a prevalence-informed latent-

logit approximation rather than a conventional liability- or probit-scale transformation, so its directionality results were 

considered supportive rather than definitive. IER3 also showed nominal heterogeneity by Cochran’s Q, although leave-

one-out analysis did not indicate dependence on a single instrument. 

Colocalization results depended on the choice of priors and on the assumptions of the single-signal model. Available 

linkage-disequilibrium data were also insufficient for convergent SuSiE inference. The FinnGen registry-defined CKD 

endpoint and the predominantly eGFR-based CKDGen case definition capture related but non-identical disease 

constructs, which may contribute to differences between datasets. The identifier-harmonized CKDGen sensitivity 

analysis depended on unique coordinate-and-allele matching and strengthened inference only at the MHC-locus level. 

Residual cohort overlap also cannot be excluded. 

The renal analyses were heterogeneous with respect to disease, tissue compartment, platform, and control-group size. 

Standardized effect sizes derived from moderated t statistics were approximate and were used only for visualization and 

contextual synthesis. Bulk-tissue expression also reflects differences in cellular composition. Kidney eQTL sample sizes 

were relatively modest, and significance-truncated files from the Kidney eQTL Atlas were not suitable for 

colocalization. The single-nucleus atlas included only five normal kidney-cortex donors. Finally, no perturbation 

experiment was performed to test gene function or therapeutic potential directly. 

Conclusion 



 

 

In conclusion, transcriptome-wide MR identified 28 CKD-associated expression traits that mapped to nine operationally 

defined candidate loci. ANKUB1 and RSAD2 were prioritized as distinct non-MHC candidates with strong 

colocalization support, whereas the MHC findings remained unresolved at the gene level within a single complex locus. 

This locus-aware framework offers a transparent basis for prioritizing candidate loci and expression traits for functional 

follow-up without conflating correlated trait-level associations with validated causal genes. 
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Figures 

 
Figure 1. Locus-aware transcriptome-wide MR workflow. The primary analysis tested 15,285 expression traits and 
identified 28 FDR-significant traits, including 12 that met the Bonferroni threshold. These traits mapped to nine 
operationally defined candidate loci, including one complex MHC locus containing 19 traits. An MHC-excluded 
sensitivity analysis and downstream colocalization, independent CKD outcome assessment, and renal evidence 
integration were subsequently performed. 

 

Figure 2. Transcriptome-wide cis-eQTL MR signal landscape. Chromosomal position and -log10 P are shown for all 
15,285 primary MR results. Colour distinguishes FDR-significant MHC and non-MHC traits, open diamonds indicate 
Bonferroni-significant traits, and the horizontal line marks the Bonferroni threshold. Nineteen significant traits mapped 
to a single complex MHC locus. 



 

 

 

Figure 3. Primary MR estimates for the 28 FDR-significant expression traits. Odds ratios and 95% confidence 
intervals are shown with locus assignment, instrument count, MR method, and colocalization category. MHC and non-
MHC traits are visually distinguished. The 28 traits mapped to nine candidate loci, including 19 traits within one 
complex MHC locus. 



 

 

 

Figure 4. Key MR estimates and regional colocalization for prioritized loci. Panel A summarizes the primary MR 
and colocalization results for ANKUB1, RSAD2, and IER3. Panels B to D show regional cis-eQTL and CKD association 
patterns for the corresponding loci. IER3 lies within an unresolved complex MHC locus, and strong single-signal 
colocalization does not establish it as the unique effector. 



 

 

 

Figure 5. Primary exact-rsID independent CKD outcome assessment. Odds ratios and 95% confidence intervals are 
shown for the 14 traits estimable by exact-rsID matching. Color indicates direction concordance and nominal 
significance relative to the primary FinnGen results. Identifier-harmonized sensitivity results are presented separately in 
the Supplementary Information. 

 

Figure 6. Locus-aware renal multi-cohort synthesis. The representative renal stratum is shown for each of seven 
evaluable loci. Selection was based on cohort count, total sample size, and pooled standard error without consideration 
of statistical significance. IER3 served as the L03 anchor, and renal expression findings were interpreted as contextual 
rather than causal evidence. 



 

 

 

Figure 7. Locus-aware evidence landscape. Genetic and contextual evidence is summarized across nine operationally 
defined candidate loci without assigning a composite score or rank. L03 is represented by IER3 as the prespecified 
MHC anchor. Mixed evidence indicates significant renal findings in both MR-concordant and MR-discordant 
directions. 

 



 

 

Tables 

Table 1. Data sources and study characteristics 

Note: CKD, chronic kidney disease; eGFR, estimated glomerular filtration rate; eQTL, expression quantitative trait 
locus; GEO, Gene Expression Omnibus; GTEx, Genotype-Tissue Expression. 

Resource Analysis role Population/tissue Phenotype / data type Sample size Ancestry Genome build Reference 

eQTLGen 

Discovery cis-eQTL 

exposures 

Predominantly European 

whole blood 

Blood gene expression 

cis-eQTLs 

Up to 31,684 Predominantly European GRCh37/hg19 6 

FinnGen release 13 

Primary CKD 

outcome 

Finnish biobank participants Registry-defined CKD 

492,013 (14,402 

cases, 477,611 

controls) 

Finnish GRCh38 19 

CKDGen 

Independent CKD 

outcome 

European-ancestry 

CKD, primarily defined 

as eGFR <60 

mL/min/1.73 m² 

480,698 (41,395 

cases, 439,303 

controls) 

European GRCh37 4 

GEO renal datasets 

Renal expression 

context 

Kidney disease tissues 

compartments 

60 prespecified disease 

compartment contrasts 

Study-specific Mixed, recorded by Series Platform-specific 

26, 27, study-specific 

references in 

Supplementary Table 

S17 

GTEx V10 

Kidney eQTL 

context 

Kidney cortex 

Bulk kidney cortex 

eQTLs 

103 

Not ancestry-stratified in the 

public resource used 

GRCh38 32 

Human Kidney eQTL 

Atlas 

Kidney regulatory 

context 

Whole kidney, tubule, and 

glomerular compartments 

Kidney eQTL meta-

analysis and 

compartment-specific 

eQTLs 

686 meta-analysis, 

356 tubules, 303 

glomeruli 

Predominantly European Source-specific 33, 34 

Muto kidney atlas 

Single-nucleus 

localization 

Normal adult kidney cortex 

Single-nucleus RNA 

sequencing 

19,985 nuclei from 

5 donors 

Reported by source GRCh38 35 



 

 

Table 2. Genetic evidence across nine candidate loci 

Locus Representative trait(s) 
FDR / Bonferroni 

traits 
Primary MR estimate Best colocalization 

Independent CKD 

outcome 

L01 RSAD2 1 / 0 
OR 0.506 (0.360–0.712), 1 

SNP, Wald ratio 

Strong, PP.H4 = 

0.953 (RSAD2) 
Concordant, P ≥ 0.05 

L02 ANKUB1 1 / 1 
OR 2.488 (1.701–3.638), 1 

SNP, Wald ratio 

Strong, PP.H4 = 

0.969 (ANKUB1) 

Concordant, P < 0.05, 

FDR ≥ 0.05 

L03 IER3 (MHC anchor) 19 / 10 
OR 1.133 (1.070–1.198), 5 

SNPs, MRE-IVW 

Strong, PP.H4 = 

0.997 (IER3) 

Exact-rsID discordant, 

harmonized sensitivity 

supports L03 

L04 KIAA1919 1 / 0 
OR 0.770 (0.676–0.877), 1 

SNP, Wald ratio 

Moderate, PP.H4 = 

0.707 (KIAA1919) 
Concordant, P ≥ 0.05 

L05 BICC1 1 / 1 
OR 1.487 (1.286–1.720), 2 

SNPs, MRE-IVW 

Insufficient, PP.H4 = 

0.378 (BICC1) 
Concordant, P ≥ 0.05 

L06 RP11-137H2.4 1 / 0 
OR 1.080 (1.043–1.118), 3 

SNPs, MRE-IVW 

Insufficient, PP.H4 = 

0.178 (RP11-

137H2.4) 

Concordant, P ≥ 0.05 

L07 CLNS1A 1 / 0 
OR 1.128 (1.062–1.198), 2 

SNPs, MRE-IVW 

Moderate, PP.H4 = 

0.761 (CLNS1A) 
Concordant, P ≥ 0.05 

L08 SKOR1 1 / 0 
OR 0.717 (0.607–0.847), 1 

SNP, Wald ratio 

Insufficient, PP.H4 = 

0.445 (SKOR1) 
Discordant 

L09 AGPHD1 / PSMA4 2 / 0 
Trait-specific Wald ratios, 1 

SNP each 

Insufficient, PP.H4 = 

0.171 (AGPHD1) 
Concordant, P ≥ 0.05 

Note: FDR / Bonferroni traits indicate the number of expression traits meeting each significance threshold within the 
locus. Primary MR estimates were obtained using the Wald ratio or MRE-IVW as appropriate. L03 contains 19 
expression traits within one complex MHC locus, with IER3 used as the prespecified anchor trait. Best colocalization 
denotes the highest single-signal PP.H4 within each locus and the corresponding expression trait. Independent CKD 
outcome refers to the primary exact-rsID CKDGen analysis unless otherwise specified. AGPHD1 and PSMA4 share the 
same MR instrument and therefore remain grouped within L09. 
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