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 Abstract 39 

Drug target Mendelian randomization (MR) studies use DNA sequence variants in or near a 40 

gene encoding a drug target, that alter its expression or function, as a tool to anticipate the 41 

effect of drug action on the same target. Here, we applied MR to prioritize drug targets for 42 

their causal relevance for coronary heart disease (CHD). The targets were further prioritized 43 

using genetic co-localization, protein expression profiles from the Human Protein Atlas and, 44 

for targets with a licensed drug or an agent in clinical development, by sourcing data from 45 

the British National Formulary and clinicaltrials.gov. Out of the 341 drug targets identified 46 

through their association with circulating blood lipids (HDL-C, LDL-C and triglycerides), we 47 

were able to robustly prioritize 30 targets that might elicit beneficial treatment effects in the 48 

prevention or treatment of CHD. The prioritized list included NPC1L1 and PCSK9, the 49 

targets of licensed drugs whose efficacy has been already proven in clinical trials. To 50 

conclude, we discuss how this approach can be generalized to other targets, disease 51 

biomarkers and clinical end-points to help prioritize and validate targets during the drug 52 

development process.  53 

 54 

 55 

 56 

 57 

 58 

 59 

 60 

 61 
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Introduction 62 

Genome-wide association studies (GWAS) in patients and populations test relationships 63 

between natural sequence variation (genotype) and disease risk factors, biomarkers and 64 

clinical end-points using population-based cohort and case-control studies. 65 

 66 

Mendelian randomization (MR) analysis uses genetic variants (mostly identified from GWAS) 67 

as instrumental variables to identify which disease biomarkers (e.g. blood lipids such as low- 68 

and high-density lipoprotein cholesterol and triglycerides) may be causally related to disease 69 

end-points (e.g. coronary heart disease; CHD)1,2. The established approach utilizes multiple 70 

independent variants associated with the biomarker of interest, selected from throughout the 71 

genome. These genetic instruments are used to derive an estimate of the effect of a change 72 

in the level of the biomarker on disease risk. We refer to this approach as MR analysis for 73 

causal biomarkers or ‘biomarker MR’. For example, biomarker MR studies have validated 74 

the causal role of elevated low-density lipoprotein cholesterol (LDL-C) on coronary heart 75 

disease risk, supporting the findings from randomized controlled trials of different LDL-C 76 

lowering drug classes3–8. However, such studies have been equivocal on the role of high-77 

density lipoprotein cholesterol (HDL-C) and triglycerides (TG) in CHD3,4. Clinical trials of 78 

these lipid fractions have also been seemingly contradictory. For example, using niacin to 79 

raise HDL-C did not reduce CHD risk9, but raising HDL-C by inhibiting cholesteryl ester 80 

transfer protein (CETP) with anacetrapib was effective in preventing CHD events10.  81 

 82 

Genetic effects (like drug action) are mediated through proteins (according to Crick’s Central 83 

Dogma), and variation in the genome is inherited at random from parents to offspring 84 

(according to Mendel’s Laws), much like treatment allocation in a clinical trial11. We and 85 

others have shown that variants in a gene encoding a specific drug target, that alter its 86 

expression or function, can be used as a tool to anticipate the effect of drug action on the 87 

same target 12. We have referred to this application of Mendelian randomization as ‘drug 88 
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target MR’12. In contrast to a biomarker MR, where the variants comprising the genetic 89 

instrument are selected from across the genome, in a drug target MR analysis, variants are 90 

selected from the gene of interest or neighboring genomic region because these variants are 91 

most likely to associate with the expression or function of the encoded protein (acting in cis). 92 

The estimate from a drug target MR helps infer whether, and in what direction, a drug that 93 

acts on the encoded protein, whether an antagonist, agonist, activator or inhibitor, will alter 94 

disease risk. The conceptual and analytical differences between drug target and biomarker 95 

MR (Table 1) are important because a narrow interpretation of a biomarker MR analysis of 96 

HDL-C and CHD might suggest that CETP inhibitors, which raise HDL-C, should not be 97 

regarded as a valid therapeutic intervention to reduce CHD risk. Yet, the causal effect on 98 

CHD per SD increase in HDL-C from the drug target MR using variants in CETP (0.87; 99 

95%CI: 0.84, 0.90), and the odds ratio for CHD from allocation to the CETP-inhibitor 100 

anacetrapib in a placebo-controlled trial (0.93; 95%CI: 0.86, 0.99) are consistent with the 101 

view that targeting CETP is an effective therapeutic approach to prevent CHD (Fig. 1)10,12. 102 

This implies that, regardless of the findings of a biomarker MR analysis, other similarly 103 

effective but yet unexploited drug targets might exist for the prevention or treatment of CHD, 104 

and be identified through their association with blood lipids.  105 

 106 

In this study, we applied drug target MR on a set of druggable proteins identified through 107 

genetic associations with circulating blood lipids, and assessed their causal relevance for 108 

CHD. To place the findings in context, we first re-evaluated causal effect estimates for LDL-109 

C, HDL-C, and TG on CHD using biomarker MR, based on summary statistics from GWAS 110 

of blood lipids and CHD. Next, we used these data to select genes associated with blood 111 

lipids that encode druggable targets, and tested the effects of these drug targets on CHD 112 

using drug target MR. For a set of replicated, prioritized drug targets, we performed a 113 

phenome-wide scan of genetic associations of variants within the encoding gene with 114 

additional disease biomarkers and end-points beyond CHD. We sourced data from 115 

clinicaltrials.gov and the British National Formulary (BNF) for drugs in clinical phase 116 
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development and approved medicines, respectively, to identify agents that might be pursued 117 

rapidly in clinical phase testing for treatment or prevention of CHD. Finally, we discuss how 118 

this approach might be generalized to other drug targets and clinical end-points, providing a 119 

route to translating findings from GWAS into new drug development. 120 

 121 

Results  122 

Biomarker MR analysis of LDL-C, HDL-C and TG on CHD 123 

Previous biomarker MR studies have shown a causal effect of LDL-C and TG on CHD risk, 124 

while the causal role of HDL-C remains uncertain4. As an initial step, to confirm the 125 

robustness of our analytical pipeline and contextualize further analyses, we first replicated 126 

previously reported biomarker MR estimates using genetic variants from the Global Lipid 127 

Genetic Consortium (GLGC)13 to instrument causal effects of the three lipid sub-fractions on 128 

CHD, using summary statistics from the CardiogramPlusC4D Consortium GWAS 14. Causal 129 

estimates were obtained through univariable Mendelian randomization, with Egger horizontal 130 

pleiotropy correction applied through a model selection framework15. The odds ratio (OR) for 131 

CHD per standard deviation (SD) higher concentration of the corresponding blood lipid 132 

fraction was 1.50 (95% confidence interval (CI): 1.39, 1.63) for LDL-C, 0.95 (95% CI: 0.90, 133 

1.01) for HDL-C and 1.10 (95% CI: 1.01, 1.21) for TG. These findings were replicated in an 134 

independent analysis using summary statistics from a GWAS meta-analysis of lipids 135 

measured using a nuclear magnetic resonance (NMR) spectroscopy platform16,17, and 136 

genetic associations with CHD risk derived from UK Biobank18. The odds ratio for CHD per 137 

SD increase in LDL-C and TG in the replication dataset were 1.28 (95% CI: 1.25, 1.31) and 138 

1.23 (95% CI: 1.14, 1.32), respectively, and 0.89 (95% CI: 0.83, 0.96) per SD increase in 139 

HDL-C. These genome-wide biomarker MR estimates confirmed the previously reported 140 

causal effect of LDL-C and TG on CHD risk but illustrate the equivocal role of HDL-C. To 141 

account for the correlation between the lipid fractions and evaluate their direct independent 142 
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effect on CHD, we performed a multivariable MR (MVMR) analysis in the discovery datasets, 143 

which assessed genetic associations with the three lipid subfractions and CHD risk in a 144 

single model. The MVMR analysis generated an OR of 1.53 (95% CI: 1.44, 1.62) per SD 145 

higher LDL-C, 0.91 (95% CI: 0.86, 0.95) per SD higher HDL-C and 1.09 (95% CI: 1.01, 1.17) 146 

per SD higher TG (table S1). 147 

 148 

Drug target MR analysis 149 

Drug target MR was used to determine the effect on CHD of perturbing druggable proteins 150 

that influence one or more of the three lipid fractions. First, genes previously shown to 151 

encode druggable proteins were selected in regions around variants associated with one or 152 

more of the major circulating lipid subfractions applying a P value < 1x10-6. This identified 153 

341 genes; 149 for an association with LDL-C, 180 for HDL-C and 154 for TG19. One 154 

hundred forty genes (41%) were associated with a single lipid subfraction, 101 (30%) were 155 

associated with two subfractions and 100 (29%) were associated with all three subfractions 156 

(fig. S1, table S2). Subsequently, we performed a drug target MR analysis on CHD 157 

accounting for genetic correlation between variants (see Methods). In the absence of direct 158 

measures of the encoded protein, we proxied the effect of genetic drug target perturbation 159 

through the downstream effect on one or more of the three lipid sub-fractions. Of the 341 160 

drug targets, the effect estimates for 165 excluded a null effect on CHD, with 131 of these 161 

estimates being consistent with a protective effect via decreasing LDL-C or TG and/or 162 

increasing HDL-C (Fig. 2, table S3). When weighted by LDL-C, eighty-seven targets showed 163 

a significant effect on CHD after orientating towards an increasing LDL-C direction, with the 164 

first and third quartiles (Q) of the CHD OR of 1.93 and 3.32. Similarly, the Q1 and Q3 after 165 

orientating the OR towards an increasing HDL-C direction were 0.22 and 0.53 for the 49 166 

significant HDL-C instrumented targets, and for the 49 significant TG instrumented targets 167 

these were 1.95 and 4.35, respectively. 168 

 169 
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Genetic rediscoveries of indications and mechanism-based adverse effects 170 

We investigated if the drug target MR analysis rediscovered the mechanism of action of 171 

drugs with a license for lipid modification or compounds with a different indication but with 172 

reported lipid-related effects. To do so, compounds with reported lipid indications (CHD or 173 

non-CHD) or adverse effects were extracted from the BNF website (https://bnf.nice.org.uk/), 174 

which comprises prescribing information for all UK licensed drugs. Out of the 341 druggable 175 

genes included in the analysis, five encoded the targets of drugs with a lipid-modifying 176 

indication (PCSK9, PPARG, PPARA, NPC1L1, HMGCR) of which NPC1L1, HMGCR and 177 

PCSK9 are targets of drugs used in CHD prevention; and 6 encoded a protein target of a 178 

drug with reported lipid-related adverse effects (ADRB1, TNF, ESR1, FRK, BLK and 179 

DHODH) (table S4). To include outcome and side effect data of candidates in clinical phase 180 

development, the 341 drug targets were mapped to compound data available in a 181 

clinicaltrials.gov curated database. This database differentiates between endpoints 182 

monitored throughout the trial (‘outcomes’), and unanticipated harmful episodes during the 183 

study that may be on-target or off-target effects of the trial agent (‘adverse events’). Of the 184 

341 drug targets, 23 had reported lipid related outcomes and 40 had reported lipid-related 185 

adverse events (table S4).  186 

 187 

The pool of druggable targets that were modeled using higher LDL-C as a proxy for the 188 

pharmacological action on a drug target included 14 targets of clinically used drugs, three of 189 

which were licensed for CHD treatment by lowering LDL-C (HMGCR, PCSK9 and NPC1L1). 190 

The non-CHD indications of clinically used drugs included dyslipidemias (PPARA), type 2 191 

diabetes (PPARG and NDUFA13), autoimmune diseases (TNF), neoplasms (RAF1 and 192 

PSMA5), circulatory disorders (ABCA1, PLG, ITGB3 and F2) and alcohol-dependency 193 

(ALDH2) (Table 2). With the exception of F2, instrumenting the target action through an 194 

higher LDL-C effect was associated with a higher CHD risk. Two drug targets were for 195 

compounds already in phase 3 trials for CHD prevention (ANGPTL3 and CETP). Their effect 196 
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on CHD instrumented through an higher LDL-C effect was similar in magnitude to that 197 

observed for previously licensed drugs, with OR 1.21 (95%CI 1.11; 1.33) and 1.49 (95%CI 198 

1.29, 1.72), respectively. Lastly, three targets were in phase 2 trials of compounds 199 

developed for other indications (CYP26A1, LTA and LTB). The remaining 82 of the 101 200 

targets had not yet been drugged by compounds in clinical phase development. 201 

 202 

When using higher HDL-C as a proxy for pharmacological action, MR of four drug targets 203 

with compounds approved for non-CHD indications showed a directionally beneficial effect 204 

on CHD (VEGFA, PSMA5, CACNB1 and NISCH), suggesting potential for indication 205 

expansion (Table 2). Three were targets for drugs approved for non-CHD indications but 206 

which showed a potentially detrimental effect direction on CHD when instrumented through 207 

increasing HDL-C concentration (ESR1, ALOX5, TUBB). Both CYP26A1 and CETP were 208 

associated with lower CHD risk when the effect on CHD was instrumented through an 209 

elevation of HDL-C. The remaining 65 of the 74 targets have not yet been drugged by 210 

compounds in clinical phase development.  211 

 212 

Lastly, the set of druggable targets with compounds developed for non-CHD indications that 213 

were modeled using higher TG as a proxy for the pharmacological action on the target 214 

included PPARG, DHODH, VEGFA, TOP1, TUBB, NDUFA13, ABCA1, BLK, and F2 (Table 215 

2). Of these, instrumenting the CHD effect through higher TG via drug action on BLK or F2 216 

increased CHD risk. For the remaining targets, which included CETP, ANGPTL3 and 217 

CYP26A1, instrumenting the target effect through lowering TG levels decreased the risk of 218 

CHD, while the remaining 52 of the 64 targets have not been drugged by licensed 219 

compounds or clinical candidates yet. 220 

 221 

 222 
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Independent validation of the drug target MR estimates  223 

To help verify the MR findings, an independent two sample drug target MR analysis was 224 

conducted using summary statistics from a GWAS of blood lipids measured using an NMR 225 

spectroscopy platform16,17, and genetic associations with CHD risk derived from UK 226 

Biobank18. The validation analysis identified 47 significant MR estimates (P value < 0.05), of 227 

which 39/47 (83%) showed a concordant direction of effect with the initial analysis (Table 3) 228 

corresponding to 30 drug targets. Replicated targets included the licensed LDL-lowering 229 

drug targets PCSK9 and NPC1L1 (Table 4). While the majority of the replicated drug targets 230 

were anticipated to decrease CHD risk via lowering LDL-C concentration based on the 231 

univariable results, 9 of the drug targets analyzed were significantly associated with lower 232 

CHD when the effects were modelled through HDL-C and/or TG (fig. S2). 233 

 234 

Discriminating independent lipid effects  235 

After considering each lipid sub-fraction as a single measure on disease risk in the 236 

univariable drug target MR analyses, we performed a multivariable drug target MR analysis 237 

including LDL-C, HDL-C and TG in a single model to account for potential pleiotropic effects 238 

of target perturbation via the other lipid sub-fractions. Twenty-six of the replicated targets 239 

had sufficient data (3 or more variants) for the multivariable analysis. This analysis prioritized 240 

a single lipid fraction for 12 targets (SLC12A3, APOB, APOA1, PVRL2, APOE, APOC1, 241 

CELSR2, GPR61, PCSK9 and CEACAM16 through LDL-C; LPL through HDL-C; and 242 

ALDH1A2 through TG) (table S5).  For SMARCA4 and APOA5, the analysis prioritized both 243 

LDL-C and TG, and for RPL7A both LDL-C and HDL-C. Due to the limited number of 244 

variants in VEGFA, CILP2, NDUFA13 and ANGPTL4, multivariable MR analysis could not 245 

distinguish the lipid fraction through which CHD was likely affected. Additionally, the 246 

presence of horizontal pleiotropy in the MVMR analysis based on heterogeneity tests 247 

suggested that PCSK9, LPL, APOC1, APOE, PVRL2, APOB, APOC3, CETP, APOA1 and 248 
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CELSR2 may affect CHD through additional pathways beyond the lipid sub-fractions LDL-C, 249 

HDL-C and TG included in the current model. 250 

 251 

Co-localization between loci for lipids and CHD 252 

Co-localization analyses are often performed to facilitate the mapping of genetic variants to 253 

causal genes in a disease GWAS by assessing whether associations with gene expression 254 

and disease outcome share a causal variant. Here, we applied co-localization analysis using 255 

blood lipids as an intermediate trait instead of gene expression data as a parallel validation 256 

step to assess if the genetic associations with each lipid sub-fraction and CHD were 257 

consistent with a shared causal variant20. Twenty-eight out of a total of 33 co-localization 258 

signals overlapped a significant finding in the discovery MR, which corresponded to 25 259 

genes encoding a drugged or druggable target (Fig. 2). Moreover, 11 of the replicated drug 260 

targets showed evidence of co-localization between the lipid sub-fraction and CHD. These 261 

included 9 targets replicated for lowering LDL-C levels (SMARCA4, PVLR2, APOE, APOC1, 262 

CARM1, RPL7A, ADAMTS13, PCSK9 and C9orf96), one target replicated for raising HDL-C 263 

levels (LPL), and one target replicated for lowering TG levels (VEGFA).  264 

 265 

Tissue expression to aid drug target prioritization  266 

While many tissues are involved in lipid homeostasis, the liver is considered the mechanistic 267 

effector organ for many therapeutics targeting lipid metabolism21. To investigate if the 268 

replicated drug target genes were specifically expressed in liver or any other particular 269 

tissue, we extracted their RNAseq expression profiles from the Human Protein Atlas22 and 270 

calculated two commonly used tissue specificity metrics: the tau and z-scores23. Whilst tau 271 

summarizes the overall tissue distribution of a given gene and helps to distinguish between 272 

broadly expressed house-keeping genes (tau = 0) and tissue-specific genes (tau = 1), z-273 

scores quantify how elevated the expression of a particular gene is in a particular tissue 274 
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compared to other tissues. Among the 30 replicated genes, 28 had available RNAseq data, 275 

of which 15 (54%) showed elevated expression in the liver compared to other tissues (z-276 

score > 1) (Table 4, fig. S3). These genes included the known lipid-lowering drug targets, 277 

PCSK9 and NPC1L1. Furthermore, eight genes were highly specific to the liver as indicated 278 

by high tau values (tau > 0.8). Other tissues showing elevated expression of the replicated 279 

drug target genes were gastrointestinal tissues such as small intestine and colon (e.g. 280 

APOA4, APOB) and kidney (SLC12A3). Regarding the expression distribution of the targets, 281 

9 showed tau values below 0.5, indicating that they are broadly expressed and suggesting 282 

that, when developing a drug, the possibility of observing adverse effects increases24. 283 

 284 

Phenome-wide scan of replicated drug target candidates 285 

The identification of potential mechanism-based adverse effects of a target represents an 286 

important aspect when prioritizing clinical candidates in the drug development pipeline. To 287 

explore potential effects of target perturbation on clinical endpoints other than CHD (whether 288 

beneficial or adverse), we performed a phenome-wide scan in 103 disease traits of the 30 289 

drug targets replicated via drug target MR (Methods, Fig. 3, fig. S4-32). Besides genome-290 

wide significant associations with diseases of the circulatory system, variants in six drug 291 

target genes showed genome-wide significant associations with type 2 diabetes (NDUFA13, 292 

CILP2, PVRL2, VEGFA, APOC1, LPL), five with Alzheimer’s disease (APOC1, PVR, PVRL2, 293 

APOE, CEACAM16), four with asthma (SMARCA4, CETP, VEGFA, ALDH1A2) and four with 294 

gout (APOA1, APOC3, APOA4, APOA5). Notably, the PheWAS rediscovered the 295 

mechanism of action of metformin, a drug targeting NDUFA13 and licensed for type 2 296 

diabetes25. 297 

 298 

 299 

 300 
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Discussion  301 

By combining publicly available GWAS datasets on blood lipids and coronary heart disease 302 

and applying MR approaches with drug information and clinical data, we have genetically-303 

validated and prioritized drug targets for CHD prevention.  304 

 305 

We identified 131 drug target genes associated with CHD risk from a set of 341 druggable 306 

genes overlapping associations with one or more of the major blood lipid fractions. 307 

Importantly, these effects were observed not only for genes associated with LDL-C, but also 308 

TG or HDL-C. The set of targets included NPC1L1, HMGCR and PCSK9, which are known 309 

targets of LDL-lowering drugs, whose efficacy in CHD prevention has been proven in clinical 310 

trials. We performed an independent replication study both to corroborate the targets and the 311 

direction of the effects. We replicated the findings in independent datasets (UCLEB 312 

Consortium and UK Biobank) in which lipids were measured using a different platform (NMR 313 

spectroscopy in UCLEB) and the disease end-points ascertained by linkage to routinely 314 

recorded health data (UK Biobank). The validation study replicated 83% (39/47) of the initial 315 

estimates, including the mechanism of action of current lipid-modifying drug targets PCSK9 316 

and NPC1L1 and the suggested mechanism of action of compounds under investigation for 317 

lipid modification through TG or HDL-C, such as CETP inhibitors26,27.  318 

 319 

As a positive control step, our (genome-wide) biomarker MR analysis replicated previous 320 

findings on the potential causal relevance of LDL-C, TG, and HDL-C4,10,28. Importantly, 321 

contrary to previous studies, here we replicated findings using a completely independent set 322 

of NMR-spectroscopy measured lipids data and CHD cases sourced from UK Biobank. 323 

While the causal relevance of LDL-C for CHD has been robustly proven through successful 324 

drug development of for example statins, there are as yet no compounds licensed for CHD 325 

prevention through effects on HDL-C and TG. Hence, the causal relevance of the lipid sub-326 



 13 

fraction, while supported by the current biomarker analyses, cannot be concluded 327 

definitively. It is therefore essential to highlight that, while our drug target analysis uses 328 

genetic associations with these lipid sub-fractions as weights, our inference throughout has 329 

been on the therapeutic relevance of perturbing the proteins encoded by the corresponding 330 

genes which are the main category of molecular target for drug action. The genetic 331 

associations with the corresponding lipids are merely used as a proxy for protein activity 332 

and/or concentration, serving to orientate the MR effects in the direction of a therapeutic 333 

effect. They do not provide comprehensive evidence on the pathway through which 334 

perturbation of such targets causally affects CHD. Nevertheless, co-localization and 335 

multivariable MR do provide insight on the potential relevance of lipid pathways in mediating 336 

the effects of drug target perturbation. Due to the potential for weak instrument bias, 337 

attenuating results towards the null, non-significant results should not be over-interpreted as 338 

proof of absence29.  339 

 340 

The set of 30 replicated drug targets also included lipoprotein lipase (LPL), a target that 341 

could potentially decrease CHD risk through both TG-lowering and HDL-C elevation, with an 342 

effect through HDL-C further endorsed by the co-localization and multivariable MR analyses 343 

(Fig. 6). In contrast to current lipid-lowering drug targets which are specifically expressed in 344 

the liver, LPL shows highest specific expression in adipose tissue which suggests tissues 345 

beyond the liver may be relevant to target lipid metabolism. Several pharmacological 346 

attempts have been pursued to target LPL30,31, and gene therapy has also been applied to 347 

treat LPL deficiency by introducing extra copies of the functional enzyme in patients with 348 

hypertriglyceridemia 32. The approval of gene therapy interventions and the known indirect 349 

activation of LPL by drugs targeting other proteins, such as fibrates33 and metformin34, 350 

suggest that the previous failure of compounds targeting LPL in initial trials may have been 351 

idiosyncratic. LPL activity is also modulated by another protein in the replicated dataset, 352 

apolipoprotein A5 (ApoA5), which is exclusively expressed in liver tissue. While the 353 
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univariable drug target MR analysis of ApoA5 suggested that all three sub-fractions affected 354 

by ApoA5 perturbation may contribute to the effect on CHD risk, the multivariable MR 355 

suggest that ApoA5 (partially) affects CHD through LDL-C and TG-mediated pathways. 356 

Regardless of the mediating lipid or lipids, the genetic findings in relation to both LPL and 357 

ApoA5 are consistent and point to this as an important potentially targetable pathway in 358 

atherosclerosis, supporting prior work35.   359 

 360 

To provide an indicative genetic profile of a drug target and hypothesise about potential 361 

mechanism-based adverse effects, repurposing opportunities or expansion of the indication 362 

portfolio of a drug target, we performed a PheWAS of variants in and around the replicated 363 

set of targets on 103 traits. While in some cases PheWAS highlighted associations with 364 

particular clinical endpoints, for example, the rediscovery of already known indications or 365 

biological pathway, such as the associations of type 2 diabetes with variants in NDUFA13 or 366 

the association of Alzheimer’s Disease with APOE, further research is needed to evaluate 367 

the causal role of the target in the corresponding disease and the beneficial or detrimental 368 

effects of modulating those targets pharmacologically. 369 

 370 

Some limitations of this study are noteworthy. First, we only included genes regarded as 371 

encoding druggable proteins, which currently comprise approximately 25% of all protein 372 

coding genes19. As new knowledge advances, additional proteins will become druggable, 373 

and alternative therapeutic strategies such as antisense oligonucleotides and gene therapy 374 

may extend the range of mechanisms that can be targeted. The approach we describe is in 375 

fact agnostic to therapeutic modality and could be adapted accordingly. Notably, antisense 376 

oligonucleotides efficiently delivered to the liver36, where 54% of the prioritised targets in our 377 

analysis showed elevated expression compared to other tissues. Second, we assigned 378 

variants to druggable genes based on genomic proximity, which may be as reliable as other 379 

approaches in mapping causal genes37–39. However, simple genomic proximity might result 380 
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in misleading assignment of the causal gene in a region containing multiple genes in high LD 381 

(e.g. PVRL2, APOC1 and APOE are all located in a region of LD in Chr19:45349432-382 

45422606, GRCh37). In an effort to account for this, all the druggable genes (± 50kbp) that 383 

overlap one of the genetic variants associated with LDL-C, HDL-C or TG were included in 384 

the analysis, and we provided information on proximity of the variant to the gene, a gene 385 

distance rank value (in base pairs), and previous gene prioritisation data by the Global Lipids 386 

Genetics Consortium (GLGC)13 to inform scenarios in which the causal gene may be a non-387 

druggable gene but reside in the same region (table S2).  388 

 389 

We used cis-MR to evaluate the relevance of each drug target to CHD, which poses 390 

additional challenges and choices: defining the locus of interest, the significance threshold 391 

for the association with the exposure and the LD threshold to prune correlated instruments. 392 

Since an agreement on the choice of a general LD threshold and flanking region has yet to 393 

be reached, we used a window of 50kbp and LD threshold of 0.4, which showed the most 394 

consistent estimates in a grid-search in the discovery data using the four positive control 395 

examples: PCSK9, NPC1L1, HMGCR and CETP. Based on previous studies showing that 396 

using less stringent P-value thresholds often results in improved performance in cis-MR 397 

settings, we relaxed the threshold below genome-wide significance to select the genetic 398 

associations to instrument the exposure; and accounted for LD correlation by pruning and 399 

LD modelling during the MR analysis12,40.  400 

 401 

To validate our findings with independent data sources, we conducted a second drug target 402 

MR, although several drug target genes could not be evaluated in the validation analysis 403 

because the gene boundaries did not include genetic associations exceeding the pre-404 

specified significance threshold (P value ≤ 1x10-4), likely related to the “modest” sample size 405 

of the NMR replication data (N=33,029). Beyond univariable MR analyses, we attempted to 406 

further validate the findings with a multivariable extension of the inverse-variance weighted 407 
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(IVW) and MR Egger methods, however, in some cases we observed imprecise estimates in 408 

line with previous studies which attributed this to the inclusion of highly correlated exposures 409 

in the model41. To further evaluate if the association signals in the exposure and outcome 410 

datasets shared a causal genetic variant, we performed co-localization analyses. Because 411 

these analyses were originally developed to find evidence of co-localization between mRNA 412 

expression and a disease and not for an intermediate trait and a disease, the default prior 413 

probabilities used in the analysis may not be the optimal for these pairs of traits. In addition, 414 

the single-causal-variant assumption in genetic co-localization methods may not always be 415 

satisfied even when prior conditional analyses are performed, with regions with multiple 416 

causal variants potentially yielding false negative results42. 417 

 418 

The effect directions of the replicated drug targets were compared to results from clinical 419 

trials using data from the clinicaltrials.gov registry, however, the lack of precision in 420 

annotation of events associated with lipid perturbations (e.g. hyperlipidaemia) in this dataset 421 

hinders the assignment of reported lipid abnormalities to a particular lipid sub-fraction. 422 

Moreover, the proportion of clinical trials with reported results in clinicaltrials.gov is less than 423 

54.2%43, suggesting that additional drug candidates with lipid effects might have been 424 

investigated but were not included in this analysis because of the lack of accessible data. 425 

Furthermore, our analysis relied on mapping clinical trial interventions to compounds known 426 

to act through binding to the targets of interest, which could potentially miss clinical trials of 427 

compounds annotated with less synonyms (such as research codes for compounds used by 428 

individual trial sponsors). Lastly, we performed a PheWAS spanning over 100 clinical 429 

endpoints, 80 of which were derived from UK Biobank. While this enabled screening for 430 

associations with a wide range of diseases, genetic associations derived from diagnostic 431 

codes in electronic health record datasets might suffer from limited case numbers and 432 

inaccurate case and control definitions, which would reduce the power to detect true 433 
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associations. To increase the power to detect associations, we included data from publicly 434 

available GWAS with the largest sample sizes for such phenotypes. 435 

 436 

In summary, we have shown an approach to move from GWAS signals to drug targets and 437 

disease indications. We illustrated its potential using genetic association data on lipids and 438 

CHD data, but the approach could also be applied in other settings where there are GWAS 439 

of diseases and biomarkers thought to be potentially causally related. For example, with the 440 

increasing available data on inflammatory biomarkers, this approach could be used to 441 

evaluate the causal role of anti-inflammatory drug targets, such as IL6R, in CHD, 442 

Alzheimer’s disease and major depression, following up on associations described in several 443 

studies44–46, to identify potential new indications for anti-inflammatory agents established in 444 

the treatment of autoimmune conditions. Similarly, recent genetic studies on coagulation 445 

factor levels 47 can be harnessed to instrument the effect of modulating druggable targets for 446 

thrombotic disorders, such as FXI or FXII, which are emerging as potential targets for new 447 

anticoagulant drugs48,49.  448 

 449 

When used as a screening tool, the approach could help reduce the efficacy problem in drug 450 

discovery by genetically validating targets in the earlier phases of the drug development 451 

pipeline.   452 

 453 

 454 

 455 

 456 

 457 

 458 

 459 

 460 

 461 

 462 

 463 

 464 

 465 

 466 
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Online Methods 467 

 468 

Data sources 469 

To determine the causal role and replicate previously reported results on the causal effect of 470 

LDL-C, HDL-C and TG on CHD, we obtained genetic estimates from the Global Lipids 471 

Genetics Consortium (188,577 individuals)13 and from CardiogramPlusC4D (60,801 cases 472 

and 123,504 controls)14. 473 

Independent replication data were sourced using lipids exposure data from a GWAS meta-474 

analysis of metabolic measures by the University College London–Edinburgh-Bristol 475 

(UCLEB) Consortium50 and Kettunen et al 17 utilizing NMR spectroscopy measured lipids 476 

(joint sample size up to 33,029). Independent CHD data was obtained from a publicly 477 

available GWAS of 34,541 cases and 261,984 controls in UK Biobank18. 478 

 479 

Drug target gene selection 480 

Analyses were conducted using Python v3.7.3. To estimate the causal effect of modulating 481 

the level of each lipid sub-fraction via a druggable gene on CHD, variants associated with 482 

LDL-C, HDL-C and/or TG with a P value ≤ 1x10-6 were selected. Druggable genes 483 

overlapping a 50kbp region around the selected variants were extracted, resulting in 341 484 

associated drug target genes (149 for LDL-C, 180 for HDL-C and 154 for TG). The set of 485 

genes in the druggable genome were identified as described previously19, and identifiers 486 

were updated to Ensembl version 95 (GRCh37), used in this analysis. All of these IDs were 487 

also present in Ensembl 95 (GRCh37), used in this analysis. Because we only scanned for 488 

genetic associations with the druggable genome, protein-coding genes that were the ‘true’ 489 

causal gene but not yet druggable would be missed and the association mis-assigned. To 490 

mitigate this and provide information about potential effects through non-druggable genes, 491 

we provide the minimum distance from the variant to the gene, where variants located within 492 
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a gene were given a distance of 0bp, a gene distance rank value according to their base pair 493 

distance, and indicated the druggable genes prioritized by GLGC (table S2). 494 

 495 

Instrument selection 496 

For the biomarker or genome-wide MR analyses, a P value threshold of 1x10-6 was used to 497 

select exposure variants associated with LDL-C, HDL-C and/or TG. For cis- or drug target 498 

MR analyses, variants from/within the 341 selected genes (±50kbp) were selected based on 499 

a P value ≤  1x10-4 . In both settings, variants were filtered on a MAF > 0.01 and LD clumped 500 

to an r2 < 0.4. These parameters showed the most consistent estimates in a grid-search in 501 

the discovery data using the positive control examples: PCSK9, NPC1L1, HMGCR and 502 

CETP (fig. S33). To account for residual correlation between variants in the MR analyses, 503 

we applied a novel generalized least squares framework with a LD reference dataset derived 504 

from UK Biobank 51. LD reference matrices were created by extracting a random subset of 505 

5,000 unrelated individuals of European ancestry from UK Biobank. Variants with a MAF < 506 

0.001, and imputation quality < 0.3 were excluded. To ensure that SNPs with lower MAF 507 

have higher confidence, variants were removed if MAF < 0.005 and genotype probability < 508 

0.9; MAF < 0.01 and genotype probability < 0.8; MAF < 0.03 and genotype probability < 0.6. 509 

 510 

Statistical analysis 511 

As a validation step, a biomarker MR analysis was conducted for each lipid sub-fraction to 512 

replicate previous findings using genetic associations across the genome. A model-selection 513 

framework was used to decide between competing inverse-variance weighted (IVW) fixed-514 

effects, IVW random-effects, MR-Egger fixed effects or MR-Egger random-effects models15. 515 

While IVW models assume an absence of directional horizontal pleiotropy, Egger models 516 

allow for possible directional pleiotropy at the cost of power. After removing variants with 517 

large heterogeneity (P value < 0.001 for Cochran’s Q test) or leverage, we re-applied this 518 
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model selection framework and used the final model. The influence of parameter selection in 519 

the drug target MR performance was explored in a grid-search of several r2 and gene 520 

boundaries combinations using the positive control examples PCSK9, NPC1L1, HMGCR 521 

and CETP, where the lipid perturbation is the intended indication. The estimates were 522 

consistent in the discovery and validation analysis (fig. S33), with the exception of HMGCR 523 

which showed inconsistencies when using NMR-spectroscopy measured lipid data and CHD 524 

risk derived from UK Biobank. 525 

Additionally, we conducted biomarker and drug target multivariable MR analyses using 526 

genetic associations with the three lipid sub-fractions and CHD risk in a single regression 527 

model.  528 

 529 

Co-localization analysis 530 

To estimate the posterior probability of each druggable gene sharing the same causal 531 

variant for the exposure lipid and CHD risk52 we performed co-localization analyses. First, 532 

we conducted a stepwise conditional analysis using GCTA-COJO v1.92.4 with genotype 533 

data from 5,000 individuals randomly selected from UK Biobank53. Colocalization analyses 534 

were performed using a Python implementation of “coloc” v3.2-120. The default prior 535 

probabilities were used to estimate if a SNP was associated only with the lipid sub-fraction 536 

(p1 = 10−4), only with CHD risk (p2 = 10−4), or with both traits (p12 = 10−5). For each drug 537 

target gene, all variants from/within the gene boundaries (±50kbp) with a MAF > 0.01 were 538 

included. A posterior probability above 0.8 was considered sufficient evidence of 539 

colocalization based on previous observations20. 540 

 541 

Drug indications and adverse effects 542 

To evaluate if the drug target MR and colocalization analyses rediscovered known drug 543 

indications, adverse effects or predicted repurposing opportunities, drug information and 544 
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clinical trial data was extracted for the set of 341 druggable targets. Drug target genes were 545 

mapped to UniProt identifiers and indications and clinical phase for compounds that bind the 546 

target were extracted from the ChEMBL database (version 25)54. Drug indications and lipid 547 

adverse effects data for licensed drugs were extracted from the British National Formulary 548 

(BNF) website (https://bnf.nice.org.uk/) in July, 2019. 549 

To further examine the effects of the drugs and clinical candidates that are known to act 550 

through binding to the 341 druggable targets, relevant clinical trial data were downloaded 551 

from the clinicaltrials.gov registry. Compound name and synonyms were extracted from 552 

ChEMBL database (version 25)54 and used to identify clinical trials with matching 553 

interventions. In case of non-exact matches, the results were inspected manually to ensure 554 

that only relevant trial records were used in the analysis. Lipid-related trial outcomes and 555 

adverse events were identified by searching the relevant fields within the trial records with 556 

the keywords: lipo*, lipid*, ldl*, hdl*,  cholest* and triglyceride*. For adverse events, the 557 

search was limited to the trial arm in which the drug of interest was administered (as 558 

opposed to placebo or active control used in the study) and only adverse events that 559 

affected at least one study participant were included. 560 

 561 

Tissue expression analysis 562 

To further characterize the genes prioritized by the MR pipeline, their tissue expression was 563 

analyzed as follows. First, RNAseq data were downloaded from Human Protein Atlas (HPA) 564 

22, which captures baseline expression of human genes and proteins across a panel of 565 

diverse healthy tissues and organs. For each included gene and tissue, HPA provides a 566 

consensus Normalized eXpression value (NX), obtained by normalizing TPM (transcripts per 567 

million) values from three independent transcriptomics datasets: GTEx55, Fantom556, and 568 

HPA’s own RNAseq experiments57.  569 
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The downloaded NX values were then used to investigate if the prioritized target genes were 570 

specifically expressed in any of the included tissues. Two commonly used tissue specificity 571 

metrics were calculated for each gene: tau and z-score23. Tau summarizes the overall tissue 572 

distribution of a given gene and ranges from 0 to 1, where 0 indicates ubiquitous expression 573 

across all included tissues (house-keeping genes) and 1 indicates narrow expression (highly 574 

tissue-specific genes). While tau provides a single summary measure of the tissue 575 

specificity, z-scores are calculated for individual tissues separately to quantify how elevated 576 

the gene expression is in a particular tissue compared to others. Here, higher z-score values 577 

indicate higher tissue specificity. See Kryuchkova-Mostacci et al.23 for details on the 578 

calculation and interpretation of the two metrics. 579 

 580 

Phenome-wide scan of replicated drug target genes 581 

To explore the effect spectrum associated to prioritized drug targets, we performed a 582 

phenome-wide scan of 103 disease endpoints. These included genome-wide summary 583 

statistics for 80 ICD10 main diagnoses in UK Biobank, which were released by Neale Lab 584 

(1st August 2018, http://www.nealelab.is/uk-biobank/), and downloaded using a Python 585 

implementation of MR Base API58. The variants in-and-around the prioritized drug target 586 

genes allowing for a boundary region of 50kbp were extracted, palindromic variants were 587 

inferred using the API default MAF threshold of 0.3 and removed59. The Ensembl REST 588 

Client was used to gather positional information for the variants60.  589 

We attempted to maximize the power to detect genetic associations by sourcing data from 590 

23 publicly available GWAS with the largest sample sizes for such phenotypes (table S6). All 591 

the GWAS clinical endpoints and UK Biobank ICD10 main diagnoses were grouped 592 

according to ICD10 chapters.  593 

 594 

 595 

 596 



 23 

Acknowledgments 597 

The authors are grateful to the studies and consortia that provided summary association 598 

results and to the participants of the biobanks and research cohorts. This research has been 599 

conducted using the UK Biobank Resource under Application Number 12113. UK Biobank 600 

was established by the Wellcome Trust medical charity, Medical Research Council, 601 

Department of Health, Scottish Government, and the Northwest Regional Development 602 

Agency. It has also had funding from the Welsh Assembly Government and the British Heart 603 

Foundation. MGM is supported by a BHF Fellowship FS/17/70/33482. AFS is supported by 604 

BHF grant PG/18/5033837 and the UCL BHF Research Accelerator AA/18/6/34223. CF and 605 

AFS received additional support from the National Institute for Health Research University 606 

College London Hospitals Biomedical Research Centre. ADH is an NIHR Senior 607 

Investigator. We further acknowledge support from the Rosetrees. The UCLEB Consortium 608 

is supported by a British Heart Foundation Programme Grant (RG/10/12/28456). MK was 609 

supported by grants from the UK Medical Research Council (R024227, S011676), the 610 

National Institute on Aging, NIH (R01AG056477, RF1AG062553), and the Academy of 611 

Finland (311492). AH receives support from the British Heart Foundation, the Economic and 612 

Social Research Council (ESRC), the Horizon 2020 Framework Programme of the European 613 

Union, the National Institute on Aging, the National Institute for Health Research University 614 

College London Hospitals Biomedical Research Centre, the UK Medical Research Council 615 

and works in a unit that receives support from the UK Medical Research Council. AG is 616 

funded by the Member States of EMBL. 617 

 618 

Author contributions 619 

MGM, ADH, AFS and CF contributed to the idea and design of the study. MGM performed 620 

the Mendelian randomization and PheWAS analyses. MGM and MZ performed the tissue 621 

expression and clinical trial analyses. MGM, ADH , AFS, CF and drafted the manuscript. 622 



 24 

MGM, MZ, ADH, AFS and CF contributed to the first draft of the manuscript. All authors 623 

contributed to and approved the final version of the manuscript 624 

 625 

Competing interests 626 

AFS has received Servier funding for unrelated work. MZ conducted this research as an 627 

employee of BenevolentAI. Since completing the work MZ is now a full-time employee of 628 

GlaxoSmithKline. None of the remaining authors have a competing interest to declare. 629 

 630 

References 631 

 632 

1. Lawlor, D. A., Harbord, R. M., Sterne, J. A. C., Timpson, N. & Davey Smith, G. 633 

Mendelian randomization: using genes as instruments for making causal inferences in 634 

epidemiology. Stat Med 27, 1133–1163 (2008). 635 

2. Davey Smith, G. & Ebrahim, S. ‘Mendelian randomization’: can genetic epidemiology 636 

contribute to understanding environmental determinants of disease? Int J Epidemiol 32, 637 

1–22 (2003). 638 

3. Burgess, S., Freitag, D. F., Khan, H., Gorman, D. N. & Thompson, S. G. Using 639 

multivariable Mendelian randomization to disentangle the causal effects of lipid fractions. 640 

PLoS ONE 9, e108891 (2014). 641 

4. Holmes, M. V. et al. Mendelian randomization of blood lipids for coronary heart disease. 642 

Eur. Heart J. 36, 539–550 (2015). 643 

5. Collaborators, C. T. T. (CTT). The effects of lowering LDL cholesterol with statin therapy 644 

in people at low risk of vascular disease: meta-analysis of individual data from 27 645 

randomised trials. The Lancet 380, 581–590 (2012). 646 

6. Schmidt, A. F. et al. PCSK9 monoclonal antibodies for the primary and secondary 647 

prevention of cardiovascular disease. Cochrane Database Syst Rev 4, CD011748 648 

(2017). 649 



 25 

7. Bohula, E. A. et al. Prevention of Stroke with the Addition of Ezetimibe to Statin Therapy 650 

in Patients With Acute Coronary Syndrome in IMPROVE-IT (Improved Reduction of 651 

Outcomes: Vytorin Efficacy International Trial). Circulation 136, 2440–2450 (2017). 652 

8. Cannon, C. P. et al. Ezetimibe Added to Statin Therapy after Acute Coronary 653 

Syndromes. N. Engl. J. Med. 372, 2387–2397 (2015). 654 

9. HPS2-THRIVE Collaborative Group. HPS2-THRIVE randomized placebo-controlled trial 655 

in 25 673 high-risk patients of ER niacin/laropiprant: trial design, pre-specified muscle 656 

and liver outcomes, and reasons for stopping study treatment. Eur. Heart J. 34, 1279–657 

1291 (2013). 658 

10. HPS3/TIMI55–REVEAL Collaborative Group et al. Effects of Anacetrapib in Patients with 659 

Atherosclerotic Vascular Disease. N. Engl. J. Med. 377, 1217–1227 (2017). 660 

11. Hingorani, A. & Humphries, S. Nature’s randomised trials. The Lancet 366, 1906–1908 661 

(2005). 662 

12. Schmidt, A. F. et al. Genetic drug target validation using Mendelian randomisation. 663 

Nature Communications 11, 3255 (2020). 664 

13. Global Lipids Genetics Consortium et al. Discovery and refinement of loci associated 665 

with lipid levels. Nature Genetics 45, 1274 (2013). 666 

14. Nikpay, M. et al. A comprehensive 1,000 Genomes-based genome-wide association 667 

meta-analysis of coronary artery disease. Nat. Genet. 47, 1121–1130 (2015). 668 

15. Bowden, J. et al. Improving the visualization, interpretation and analysis of two-sample 669 

summary data Mendelian randomization via the Radial plot and Radial regression. 670 

International Journal of Epidemiology 47, 1264–1278 (2018). 671 

16. Shah, T. et al. Population Genomics of Cardiometabolic Traits: Design of the University 672 

College London-London School of Hygiene and Tropical Medicine-Edinburgh-Bristol 673 

(UCLEB) Consortium. PLOS ONE 8, e71345 (2013). 674 

17. Kettunen, J. et al. Genome-wide study for circulating metabolites identifies 62 loci and 675 

reveals novel systemic effects of LPA. Nat Commun 7, 11122 (2016). 676 



 26 

18. van der Harst, P. & Verweij, N. Identification of 64 Novel Genetic Loci Provides an 677 

Expanded View on the Genetic Architecture of Coronary Artery Disease. Circulation 678 

Research 122, 433–443 (2018). 679 

19. Finan, C. et al. The druggable genome and support for target identification and validation 680 

in drug development. Sci Transl Med 9, (2017). 681 

20. Giambartolomei, C. et al. Bayesian test for colocalisation between pairs of genetic 682 

association studies using summary statistics. PLoS Genet. 10, e1004383 (2014). 683 

21. Canbay, A., Bechmann, L. & Gerken, G. Lipid metabolism in the liver. Z Gastroenterol 684 

45, 35–41 (2007). 685 

22. Uhlen, M. et al. Towards a knowledge-based Human Protein Atlas. Nature 686 

Biotechnology 28, 1248–1250 (2010). 687 

23. Kryuchkova-Mostacci, N. & Robinson-Rechavi, M. A benchmark of gene expression 688 

tissue-specificity metrics. Brief. Bioinformatics 18, 205–214 (2017). 689 

24. Ryaboshapkina, M. & Hammar, M. Tissue-specific genes as an underutilized resource in 690 

drug discovery. Scientific Reports 9, 7233 (2019). 691 

25. Inzucchi, S. E. et al. Efficacy and Metabolic Effects of Metformin and Troglitazone in 692 

Type II Diabetes Mellitus. New England Journal of Medicine 338, 867–873 (1998). 693 

26. Hovingh, G. K. et al. Cholesterol ester transfer protein inhibition by TA-8995 in patients 694 

with mild dyslipidaemia (TULIP): a randomised, double-blind, placebo-controlled phase 2 695 

trial. Lancet 386, 452–460 (2015). 696 

27. Dewey, F. E. et al. Genetic and Pharmacologic Inactivation of ANGPTL3 and 697 

Cardiovascular Disease. New England Journal of Medicine 377, 211–221 (2017). 698 

28. White, J. et al. Association of Lipid Fractions With Risks for Coronary Artery Disease and 699 

Diabetes. JAMA Cardiol 1, 692–699 (2016). 700 

29. Alderson, P. Absence of evidence is not evidence of absence. BMJ 328, 476–477 701 

(2004). 702 

30. Tsutsumi, K. et al. The novel compound NO-1886 increases lipoprotein lipase activity 703 

with resulting elevation of high density lipoprotein cholesterol, and long-term 704 



 27 

administration inhibits atherogenesis in the coronary arteries of rats with experimental 705 

atherosclerosis. The Journal of clinical investigation (1993) doi:10.1172/JCI116582. 706 

31. Yin, W. & Tsutsumi, K. Lipoprotein Lipase Activator NO-1886. Cardiovascular Drug 707 

Reviews 21, 133–142 (2003). 708 

32. Gaudet, D., Méthot, J. & Kastelein, J. Gene therapy for lipoprotein lipase deficiency. 709 

Curr. Opin. Lipidol. 23, 310–320 (2012). 710 

33. Schoonjans, K. et al. PPARalpha and PPARgamma activators direct a distinct tissue-711 

specific transcriptional response via a PPRE in the lipoprotein lipase gene. EMBO J. 15, 712 

5336–5348 (1996). 713 

34. Ohira, M. et al. Effect of metformin on serum lipoprotein lipase mass levels and LDL 714 

particle size in type 2 diabetes mellitus patients. Diabetes Research and Clinical Practice 715 

78, 34–41 (2007). 716 

35. Triglyceride Coronary Disease Genetics Consortium and Emerging Risk Factors 717 

Collaboration et al. Triglyceride-mediated pathways and coronary disease: collaborative 718 

analysis of 101 studies. Lancet 375, 1634–1639 (2010). 719 

36. Roberts, T. C., Langer, R. & Wood, M. J. A. Advances in oligonucleotide drug delivery. 720 

Nature Reviews Drug Discovery 19, 673–694 (2020). 721 

37. Stacey, D. et al. ProGeM: a framework for the prioritization of candidate causal genes at 722 

molecular quantitative trait loci. Nucleic Acids Res 47, e3–e3 (2019). 723 

38. Hemani, G., Bowden, J. & Davey Smith, G. Evaluating the potential role of pleiotropy in 724 

Mendelian randomization studies. Hum Mol Genet 27, R195–R208 (2018). 725 

39. Zheng, J. et al. Phenome-wide Mendelian randomization mapping the influence of the 726 

plasma proteome on complex diseases. Nature Genetics 52, 1122–1131 (2020). 727 

40. Dudbridge, F. Power and predictive accuracy of polygenic risk scores. PLoS Genet. 9, 728 

e1003348 (2013). 729 

41. Rees, J. M. B., Wood, A. M. & Burgess, S. Extending the MR-Egger method for 730 

multivariable Mendelian randomization to correct for both measured and unmeasured 731 

pleiotropy. Stat Med 36, 4705–4718 (2017). 732 



 28 

42. Wallace, C. Eliciting priors and relaxing the single causal variant assumption in 733 

colocalisation analyses. PLOS Genetics 16, e1008720 (2020). 734 

43. Zwierzyna, M., Davies, M., Hingorani, A. D. & Hunter, J. Clinical trial design and 735 

dissemination: comprehensive analysis of clinicaltrials.gov and PubMed data since 736 

2005. BMJ 361, (2018). 737 

44. Kinney, J. W. et al. Inflammation as a central mechanism in Alzheimer’s disease. 738 

Alzheimers Dement (N Y) 4, 575–590 (2018). 739 

45. Haddick, P. C. G. et al. A common variant of IL-6R is associated with elevated IL-6 740 

pathway activity in Alzheimer’s disease brains. J Alzheimers Dis 56, 1037–1054 (2017). 741 

46. Khandaker, G. M., Zammit, S., Burgess, S., Lewis, G. & Jones, P. B. Association 742 

between a functional interleukin 6 receptor genetic variant and risk of depression and 743 

psychosis in a population-based birth cohort. Brain Behav. Immun. 69, 264–272 (2018). 744 

47. Thibord, F. et al. A Genome Wide Association Study on plasma FV levels identified 745 

PLXDC2 as a new modifier of the coagulation process. Journal of Thrombosis and 746 

Haemostasis 17, 1808–1814 (2019). 747 

48. Weitz, J. I. & Fredenburgh, J. C. Factors XI and XII as Targets for New Anticoagulants. 748 

Front Med (Lausanne) 4, (2017). 749 

49. Tillman, B. & Gailani, D. Inhibition of factor XI and factor XII for Prevention of 750 

Thrombosis Induced by Artificial Surfaces. Semin Thromb Hemost 44, 60–69 (2018). 751 

50. Shah, T. et al. Population genomics of cardiometabolic traits: design of the University 752 

College London-London School of Hygiene and Tropical Medicine-Edinburgh-Bristol 753 

(UCLEB) Consortium. PloS one 8, e71345 (2013). 754 

51. The 1000 Genomes Project Consortium. A global reference for human genetic variation. 755 

Nature 526, 68–74 (2015). 756 

52. Giambartolomei, C. et al. A Bayesian Framework for Multiple Trait Colo-calization from 757 

Summary Association Statistics. Bioinformatics (2018) 758 

doi:10.1093/bioinformatics/bty147. 759 



 29 

53. Yang, J., Lee, S. H., Goddard, M. E. & Visscher, P. M. GCTA: A Tool for Genome-wide 760 

Complex Trait Analysis. The American Journal of Human Genetics 88, 76–82 (2011). 761 

54. Mendez, D. et al. ChEMBL: towards direct deposition of bioassay data. Nucleic Acids 762 

Research 47, D930–D940 (2018). 763 

55. The Genotype-Tissue Expression (GTEx) project. Nat Genet 45, 580–585 (2013). 764 

56. Andersson, R. et al. An atlas of active enhancers across human cell types and tissues. 765 

Nature 507, 455–461 (2014). 766 

57. Assays and annotation - The Human Protein Atlas. 767 

https://www.proteinatlas.org/about/assays+annotation. 768 

58. Hemani, G. et al. MR-Base: a platform for systematic causal inference across the 769 

phenome using billions of genetic associations. bioRxiv 078972 (2016) 770 

doi:10.1101/078972. 771 

59. Walker, V. M. et al. Using the MR-Base platform to investigate risk factors and drug 772 

targets for thousands of phenotypes. Wellcome Open Res 4, (2019). 773 

60. A, Y. et al. The Ensembl REST API: Ensembl Data for Any Language. Bioinformatics 31, 774 

143–145 (2014). 775 

 776 

 777 

 778 

 779 

 780 

 781 

 782 

 783 

 784 

 785 

 786 

 787 

 788 

 789 

 790 

 791 

 792 

 793 

 794 

 795 

 796 

 797 

 798 



 30 

Tables and Figures 799 

 800 

Table 1. Main conceptual differences between biomarker and drug target MR approaches.  801 

 Biomarker MR Drug target MR 

Aim 
Causal effect 
of a biomarker 

Causal relevance 
of a drug target 

SNP selection Genome-wide Locus specific 

Ideal exposure 
Clinically relevant 
quantitative trait 

mRNA or protein  
expression of  

the encoded gene  

MR methods Any described MR method 

Methods accounting for  
residual genetic correlation 

to maximize power 
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Table 2. Univariable drug target MR estimates for drug targets approved for indications other 839 

than lipid-lowering.  840 

Drug 
target 
gene 

LDL-C  
(OR, 95% CI) 

HDL -C 
 (OR, 95% CI) 

Triglycerides 
(OR, 95% CI) 

 
Mechanism of action and indication 

ESR1 - 2.11 (1.13, 3.93)* - 

AGONIST: Neoplasms, Hypogonadism, Menorrhagia, Primary 

Ovarian Insufficiency, Acne Vulgaris, Postmenopausal 
Osteoporosis 
ANTAGONIST: Breast Neoplasms, Neoplasms 

MODULATOR: Infertility, Dyspareunia, Breast Neoplasms, 
Postmenopausal  Osteoporosis 

TNF 2.03 (1.05, 3.93)* - 1.21 (0.78, 1.9) 
INHIBITOR: Ankylosing Spondylitis, Crohn Disease, 
Psoriasis, Rheumatoid Arthritis, Colitis, Ulcerative, Psoriatic 

Arthritis, Immune System Diseases, Juvenile Arthritis 

BLK - - 0.46 (0.31, 0.7)* 
INHIBITOR: Precursor Cell Lymphoblastic Leukemia-
Lymphoma, Neoplasms 

DHODH 0.66 (0.44, 1.0) - 7.42 (2.32, 23.71)* 
INHIBITOR: Rheumatoid Arthritis, Immune System Diseases, 

Multiple Sclerosis 

PPARG 1.67 (1.04, 2.68)* 0.71 (0.35, 1.48) 2.18 (1.14, 4.15)* 
AGONIST: Type 2 Diabetes Mellitus, Diabetes Mellitus, 
Colitis, Ulcerative, Cardiovascular Diseases 

PPARA 3.77 (1.44, 9.85)* - - 
AGONIST: Cardiovascular Diseases, Hypercholesterolemia, 
Dyslipidemias 

NDUFA13 1.63 (1.13, 2.35)* - 1.18 (1.0, 1.39)*† INHIBITOR: Diabetes Mellitus, Type 2 Diabetes Mellitus 

ALDH2 0.14 (0.07, 0.29)* - - INHIBITOR: Ectoparasitic Infestations, Alcoholism 

NISCH - 0.57 (0.35, 0.93)* 1.16 (0.31, 4.34) AGONIST: Hypertension 

ABCA1 2.05 (1.34, 3.15)* 1.41 (0.66, 3.0) 2.4 (1.29, 4.49)* INHIBITOR: Cardiovascular Diseases 

F2 0.17 (0.05, 0.59)* 0.57 (0.13, 2.43) 0.35 (0.13, 0.94)* 
INHIBITOR: Venous Thrombosis, Thrombosis, Unstable 
Angina, Thrombocytopenia, Atrial Fibrillation, Embolism, 

Stroke  

TUBB - 7.56 (1.18, 48.38)* 4.46 (2.13, 9.36)* 
INHIBITOR: Breast Neoplasms, Neoplasms, Hodgkin 
Disease, Large-Cell Anaplastic Lymphoma, Non-Small-Cell 
Lung Carcinoma, Gout, Familial Mediterranean Fever 

VEGFA - 0.22 (0.15, 0.3)* 4.16 (2.45, 7.08)*† 

ANTAGONIST: Retinal Neovascularization 

INHIBITOR: Diabetic Retinopathy, Retinal Neovascularization, 
Wet Macular Degeneration, Macular Edema, Colorectal 
Neoplasms, Neoplasms, Glioblastoma, Renal Cell Carcinoma, 

Non-Small-Cell Lung Carcinoma, Uterine Cervical Neoplasms 

RAF1 2.06 (1.48, 2.86)* - 2.63 (0.79, 8.83) INHIBITOR: Neoplasms 

PSMA5 2.47 (1.8, 3.39)*† 0.08 (0.02, 0.29)* - 
INHIBITOR: Multiple Myeloma, Neoplasms, Mantle-Cell 
Lymphoma 

ALOX5 - 1.74 (1.18, 2.58)* - 
INHIBITOR: Asthma, Ulcerative Colitis, Rheumatoid Arthritis, 

Juvenile Arthritis 

CACNB1 - 0.38 (0.2, 0.72)* - 
BLOCKER: Cardiovascular Diseases 
MODULATOR: Fibromyalgia, Seizures, Epilepsy, Neuralgia, 
Restless Legs Syndrome, Postherpetic Neuralgia 

PLG 18.35 (5.47, 61.6)* 5.48 (0.07, 456.86) 0.75 (0.18, 3.14) 

ACTIVATOR: Thrombosis, Pulmonary Embolism, Stroke, 

Myocardial Infarction, Heart Failure, Hepatic Veno-Occlusive 
Disease 
INHIBITOR: Hemorrhage, Menorrhagia 

ITGB3 1.64 (1.06, 2.52)* 2.79 (0.81, 9.62) - INHIBITOR: Thrombosis, Unstable Angina 

TOP1 2.3 (0.15, 35.62) - 16.72 (4.19, 66.8)* INHIBITOR: Neoplasms 

 841 

These drug targets showed lipid records in clinicaltrials.gov and/or the British National Formulary (BNF). * indicates 842 

significance in the discovery analysis; † indicates significance in both original and validation study and concordant 843 

direction of effect. OR = odds ratio of CHD per 1-standard deviation increase in LDL-C, HDL-C or triglycerides; CI = 844 

confidence interval. 845 
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Table 3. Replication of drug target MR findings.  846 

 
Source of data 

 Lipids measures Disease endpoints 

Discovery 

Clinical chemistry 
 

(GLGC, 
N= 188,578) 

 
Research-based case 

ascertainment 
 

(CardiogramPlusC4D, 
N= 184,305 cases) 

 

Replication 

 
Nuclear magnetic 

resonance 
(NMR)  spectroscopy 

 
(Kettunen et al, 2016, 

UCLEB Meta-
analysis, 

N=33,029) 
 

Routine Electronic Health 
Records 

 
(UK Biobank, 

N=34,541 cases) 

 
 
Direction of effect 

 LDL-C HDL-C 
Triglyceride

s 
Overall 

Concordant 21 6 12 39 

Discordant 4 0 4 8 

 847 

The discovery and replication analyses used different data sources for both exposure and 848 

outcome. 145 replication MR analyses were performed in which the gene boundaries 849 

included genetic associations exceeding the pre-specified significance threshold (P value ≤ 850 

1x10-4). 851 

 852 

 853 

 854 

 855 

 856 

 857 

 858 
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Table 4. Tissue specificity for replicated genes encoding drug targets. 859 

Drug target 
gene 

LDL-C  
(OR, 95% CI) 

HDL-C 
(OR, 95% CI) 

Triglycerides 
 (OR, 95% CI) 

Tissue 
specificity 
index (tau) 

Top tissues (Z-score >1) 

APOA5 2.05 (1.4, 3.02)* † 0.72 (0.6, 0.87)*† 1.21 (1.12, 1.31)* † 1.00 liver 

SLC12A3 1.94 (1.43, 2.63)* 0.89 (0.86, 0.93)* † 0.75 (0.24, 2.33) 0.98 kidney 

CEACAM16 1.66 (1.31, 2.11)* † 0.46 (0.27, 0.79)* 0.56 (0.25, 1.27) 0.98 pancreas, tonsil 

APOC3 2.04 (1.72, 2.42)* † 0.67 (0.58, 0.78)* 1.26 (1.12, 1.41)* † 0.95 liver 

APOA4 1.51 (1.23, 1.86)* † 0.53 (0.38, 0.74)* 1.27 (1.14, 1.43)* † 0.94 small intestine, colon, duodenum 

APOB 1.5 (1.18, 1.9)* † 1.23 (0.72, 2.12) 0.53 (0.29, 0.98)* † 0.94 liver, small intestine 

APOA1 1.88 (1.49, 2.36)* † 0.84 (0.63, 1.11) 1.25 (1.12, 1.4)* † 0.93 liver, small intestine 

NPC1L1 2.01 (1.48, 2.73)* † - 2.56 (0.75, 8.68) 0.92 
small intestine, colon, duodenum, 

liver 

GPR61 1.97 (1.56, 2.5)* † 3.02 (0.77, 11.91) 5.14 (1.43, 18.48)* 0.91 
cerebral cortex, adrenal gland, eye, 

thyroid gland 

PCSK9 1.6 (1.45, 1.77)* † - - 0.87 liver, lung, pancreas 

APOC1 1.31 (1.22, 1.41)* † 0.39 (0.25, 0.59)* 0.51 (0.17, 1.47) 0.85 liver 

CETP 1.49 (1.29, 1.72)* 0.91 (0.87, 0.95)* † 1.98 (1.63, 2.4)* † 0.76 lymph node, liver, placenta, spleen 

ADAMTS13 11.18 (4.37, 28.59)* † - - 0.72 liver 

CILP2 1.19 (1.01, 1.39)* - 1.18 (1.0, 1.39)* † 0.71 
testis, gallbladder, ovary, thyroid 

gland 

LPL - 0.63 (0.49, 0.82)* † 1.68 (1.46, 1.92)* † 0.68 
adipose tissue, breast, heart 

muscle, seminal vesicle 

APOE 1.3 (1.2, 1.41)* † 0.39 (0.26, 0.59)* 0.5 (0.17, 1.45) 0.58 liver, adrenal gland 

CELSR2 1.97 (1.78, 2.18)* † 0.06 (0.04, 0.09)* - 0.58 cerebral cortex, fallopian tube, skin 

ALDH1A2 - 0.89 (0.81, 0.99)* 1.28 (1.07, 1.54)* † 0.55 

endometrium, blood, cervix, uterine, 

fallopian tube, eye, seminal vesicle, 
testis 

ANGPTL4 - 0.48 (0.28, 0.83)* † 3.38 (1.02, 11.22)*† 0.50 
liver, adipose tissue, breast, 

cerebral cortex, pancreas 

PVR 1.31 (1.12, 1.54)*† 0.32 (0.11, 0.91)* - 0.45 liver, heart muscle 

NDUFA13 1.63 (1.13, 2.35)* - 1.18 (1.0, 1.39)* † 0.43 
testis, blood, heart muscle, skeletal 

muscle 

CARM1 2.27 (1.68, 3.05)* † - - 0.38 skeletal muscle 

VEGFA - 0.22 (0.15, 0.3)* 4.16 (2.45, 7.08)* † 0.33 

thyroid gland, endometrium, heart 

muscle, liver, skeletal muscle, 
urinary bladder 

SIK3 1.15 (0.57, 2.31) 0.46 (0.29, 0.73)* † 1.08 (0.98, 1.18) 0.27 
cerebral cortex, ovary, parathyroid 

gland, testis, thyroid gland 

TMED1 2.06 (1.5, 2.83)* † - - 0.26 
blood, heart muscle, liver, placenta, 

skeletal muscle 

PSMA5 2.47 (1.8, 3.39)*† 0.08 (0.02, 0.29)* - 0.23 
liver, cerebral cortex, kidney, 

skeletal muscle, thyroid gland 

SMARCA4 2.22 (1.98, 2.49)* † 0.01 (0.0, 0.02)* - 0.19 
cerebral cortex, bone marrow, 

esophagus, skeletal muscle, skin, 
testis, tonsil 

RPL7A 2.29 (1.57, 3.36)* † - - 0.19 
salivary gland, endometrium, lymph 

node, ovary, pancreas 

 860 

 The tau value is a measure of tissue specificity with values between 0 and 1, where 1 indicates high 861 

specificity for a single tissue. The tissue with the highest expression of the gene is indicated in the top 862 

tissue column. * indicates significance in the discovery analysis, † indicates significance in both original 863 

and validation study and concordant direction of effect. OR = odds ratio of CHD per 1-standard deviation 864 

increase in LDL-C, HDL-C or triglycerides; CI = confidence interval. 865 
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Study 

  

OR (95% CI) of CHD for intervention or  per 1-

SD increase in HDL-C 

CHD GWAS Clinical trial 

Events/Total 

Treatment 

Events/Total 

Placebo 

Events/Total 

HDL-C 

genetic variants 

(genome-wide) 

60801/184305 - - 

 

0.93 (0.85, 1.02) 

CETP 

genetic variants 
60801/184305 - -  0.87 (0.84, 0.90) 

Anacetrapib 

(CETP inhibitor) 
- 1640/15225 1803/15224  0.93 (0.86, 0.99) 

 866 

Fig. 1. HDL-C, CETP inhibitor and CHD: biomarker vs drug target MR. Forest 867 

plot of the HDL-C biomarker MR estimate (Holmes et al, 2015), drug target MR 868 

estimate of CETP level and function using HDL-C as a proxy (Schmidt et al, 2020) 869 

and odds ratio of anacetrapib clinical trial (HPS3/TIMI55–REVEAL Collaborative 870 

Group, 2017). OR = odds ratio; CI = confidence interval; SD = standard deviation.  871 
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Fig. 2. Drug target MR estimates on CHD. Analyses were performed using genetic 917 

associations with LDL-C, HDL-C and TG from the Global Lipid Genetic Consortium 918 

(GLGC) with CHD events from the CardiogramPlusC4D Consortium. Drug targets 919 

are grouped by clinical phase according to ChEMBL database. Blue indicates a 920 

beneficial effect on CHD risk, and red a detrimental effect per SD difference with 921 

respect to the indicated lipid sub-fraction. Significant estimates are indicated with an 922 

asterisk (*). Co-localization of genetic effects on the relevant lipid sub-fraction and 923 

CHD at the same locus is indicated by a square around the cell. 924 
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Fig. 3.  Prioritized target: lipoprotein lipase (LPL). a. Genetic associations at the 978 

locus (± 50kbp) in black vs genome-wide associations (grey, P value < 1x10-6). The 979 

x-axis shows the per allele effect on the corresponding lipid expressed as mean 980 

Phenotypes
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difference (MD) from GLGC and the y-axis indicates the per allele effect on CHD 981 

expressed as log odds ratios (OR) from CardiogramPlusC4D. The marker size 982 

indicates the significance of the association with the lipid sub-fraction (P-value). b. 983 

Univariable and multivariable (drug target) cis-MR results. An asterisk (*) indicates 984 

the MR estimates as being replicated, and a dagger (†) that the lipid effect and CHD 985 

signals are co-localized. c. Disease associations at the locus with 103 clinical end 986 

points from UK Biobank and GWAS Consortia. 987 

 988 



Figures

Figure 1

HDL-C, CETP inhibitor and CHD: biomarker vs drug target MR. Forest plot of the HDL-C biomarker MR
estimate (Holmes et al, 2015), drug target MR estimate of CETP level and function using HDL-C as a
proxy (Schmidt et al, 2020) and odds ratio of anacetrapib clinical trial (HPS3/TIMI55–REVEAL
Collaborative Group, 2017). OR = odds ratio; CI = con�dence interval; SD = standard deviation.



Figure 2

Drug target MR estimates on CHD. Analyses were performed using genetic associations with LDL-C, HDL-
C and TG from the Global Lipid Genetic Consortium (GLGC) with CHD events from the
CardiogramPlusC4D Consortium. Drug targets are grouped by clinical phase according to ChEMBL
database. Blue indicates a bene�cial effect on CHD risk, and red a detrimental effect per SD difference
with respect to the indicated lipid sub-fraction. Signi�cant estimates are indicated with an asterisk (*). Co-
localization of genetic effects on the relevant lipid sub-fraction and CHD at the same locus is indicated by
a square around the cell.



Figure 3

Prioritized target: lipoprotein lipase (LPL). a. Genetic associations at the locus (± 50kbp) in black vs
genome-wide associations (grey, P value < 1x10-6). The x-axis shows the per allele effect on the
corresponding lipid expressed as mean difference (MD) from GLGC and the y-axis indicates the per allele
effect on CHD expressed as log odds ratios (OR) from CardiogramPlusC4D. The marker size indicates the
signi�cance of the association with the lipid sub-fraction (P-value). b. Univariable and multivariable (drug



target) cis-MR results. An asterisk (*) indicates the MR estimates as being replicated, and a dagger (†)
that the lipid effect and CHD signals are co-localized. c. Disease associations at the locus with 103
clinical end points from UK Biobank and GWAS Consortia.
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