Circulating Inflammatory Cytokines and Risk of Five Cancers: a Mendelian Randomization Analysis
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Abstract
Background: Epidemiological and experimental evidence has linked chronic inflammation to cancer etiology. It is unclear whether associations for specific inflammatory biomarkers are causal or due to bias. In order to examine whether altered genetically-predicted concentration of circulating cytokines are associated with cancer development, we performed a two-sample Mendelian randomization (MR) analysis.
Methods: Up to 31,112 individuals of European descent were included in genome-wide association study (GWAS) meta-analyses of 47 circulating cytokines. Single nucleotide polymorphisms (SNPs) robustly associated with the cytokines, located in or close to their coding gene (cis), were used as instrumental variables. Inverse-variance weighted MR was used as the primary analysis, and the MR assumptions were evaluated in sensitivity and colocalization analyses and a false discovery rate (FDR) correction for multiple comparisons was applied. Corresponding germline GWAS summary data for five cancer outcomes (breast, endometrial, lung, ovarian and prostate) and their subtypes were selected from the largest cancer-specific GWASs available (cases ranging from 12 906 for endometrial to 133 384 for breast cancer). 
Results: There was evidence of inverse associations of macrophage migration inhibitory factor with breast cancer (OR per SD = 0.88, 95%CI: 0.83 to 0.94), interleukin-1 receptor antagonist with endometrial cancer (0.86, 0.80 to 0.93), interleukin-18 with lung cancer (0.87, 0.81 to 0.93), and beta-chemokine-RANTES with ovarian cancer (0.70, 0.57 to 0.85); and positive associations of monokine induced by gamma interferon with endometrial cancer (3.73, 1.86 to 7.47) and cutaneous T-cell attracting chemokine with lung cancer (1.51, 1.22 to 1.87). These associations were similar in sensitivity analyses and supported in colocalization analyses. 
Conclusions: Our study adds to current knowledge on the role of specific inflammatory biomarker pathways in cancer etiology. Further validation is needed to assess the potential of these cytokines as pharmacological or lifestyle targets for cancer prevention.
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Introduction
Accumulation of biological evidence has led to the establishment of inflammation as a hallmark of cancer[1]. It has been postulated that a state of low-grade inflammation can increase mutation rates and augment the proliferation of mutated cells by supplying trophic signals[2]. In addition to potential direct cell growth promotion effects, activated inflammatory cells can stimulate reactive oxygen species and the accumulation of reactive nitrogen intermediates in neighbouring cells[1]. These processes may damage DNA and its protein products, directly or indirectly, thus having tumour promoting effects[3, 4]. 
Observational evidence has shown that diseases characterised by a chronic inflammatory state are associated with an increased risk of several cancers, including lung, prostate and colorectal cancer, while use of nonsteroidal anti-inflammatory drugs such as aspirin, may have a chemopreventive role in several cancers, including colorectal, lung, breast, prostate, endometrial and ovarian [5-8]. Specific circulating inflammatory markers have been linked to cancer development in prospective cohort studies. For example, higher concentrations of circulating C-reactive protein (CRP), a highly sensitive but non-specific marker of elevated inflammatory response, were associated with a higher risk of several cancers, including breast, lung, prostate, ovarian and colorectal cancer [9]. Higher pre-diagnostic concentrations of interleukin 1 alpha (IL-1a), IL-8, and tumour necrosis factor alpha (TNF-A) have been associated with higher risk of ovarian cancer, whereas concentrations of serum amyloid A, soluble tumour necrosis factor receptor-2 (sTNF-RII), and monokine induced by gamma interferon (MIG), have been positively associated with lung cancer risk [10, 11]. If such associations are causal, preventing or intervening on inflammation pathways could be a strategy to reduce cancer risk.
[bookmark: _Hlk82428776]While the reduction of chemokine levels for inhibiting cancer progression has been much discussed in the context of cancer therapy, observational studies linking specific circulating inflammatory cytokine concentrations to cancer risk are sparse, have relatively small sample sizes, and the results from which may be impacted by unmeasured confounding, reverse causation and other biases [12, 13]. An approach to overcome the potential limitations of observational epidemiology and strengthen the evidence for a potential causal role of chronic inflammation on cancer risk is Mendelian randomization (MR). In MR, germline genetic variants are used as instrumental variables  to proxy lifetime exposure for an exposure of interest, in this case circulating cytokines, chemokines, growth factors and interferons (hereafter cytokines). In the present study, MR was used to capture usual cytokine concentration experience over the life course, rather than expression variations such as those resulting from epigenetic alterations. We used genetic variants robustly associated with circulating cytokines to estimate the association of genetically proxied inflammatory cytokine concentrations on risk of breast, endometrial, lung, ovarian and prostate cancer. We used outcome-data from large well-established consortia that were either publicly available or for which we had access to based on active research proposals.
Methods
An overview of the analytical approach is shown in Figure 1.
Cytokine instrument selection
We previously conducted a genome-wide association study (GWAS) of circulating levels of 47 inflammatory cytokines, using samples from up to 13,365 Finnish individuals from the Northern Finland Birth Cohort 1966 (NFBC1966)[14], the Cardiovascular Risk in Young Finns (YFS) study, and FINRISK 1997 and 2002 [15, 16]. Publicly available data for several inflammatory cytokines were available from two additional sources: a GWAS of up to 21,758 individuals of European descent from the SCALLOP consortium and a GWAS of up to 3,301 individuals of European descent from the INTERVAL study [17, 18]. To obtain the most robust estimates for any given cytokine, the associations of single nucleotide polymorphisms (SNPs) with inflammatory cytokines from these sources were pooled with the Finnish GWAS estimates, when estimates between GWAS correlated well, to include up to 31,112 individuals (ranging from 3,301 to 31,112) (Supplementary Table 1). Details on the Finnish GWAS and the meta-analysis with the SCALLOP or the INTERVAL GWAS, can be found in the Supplementary Methods.
To minimize the possibility of horizontal pleiotropy, that might occur when a variant influences the cancer outcomes through traits other than the cytokines of interest, we used cis instrument definitions. Genetic variants that are located in or close to the coding gene (in cis) are naturally more relevant to the expression of that gene (and hence protein concentrations) in comparison to other genes [19]. In addition, trans instruments (obtained from throughout the genome) are less specific to particular cytokines and more likely to be invalid due to pleiotropic functions. We therefore used two distinct cis instrument definitions as described by Karhunen et al[16]: i) a cis-protein quantitative trait locus (cis-pQTL) definition, involving cytokines that had genetic variants within the corresponding gene locus (Supplementary Tables 1 & 2) extended by 500 kb upstream and downstream, that associated with the circulating cytokine concentrations at p<1×10-4, which comprised our main analysis, and ii) a cis-expression quantitative trait locus (cis-eQTL) definition, selecting cytokines with variants within the corresponding gene locus extended by 500 kb upstream and downstream, that associated with both its gene expression aggregated across tissues at p<1×10-4, and its circulating cytokine concentrations at p<0.05, to replicate the findings from our main analysis and potentially capture additional associations [16]. Cis-eQTL instruments may capture the effects of pQTL instruments via gene expression, but not all pQTLs are represented by eQTLs [20]. Post-transcriptional effects may be represented by cis-pQTL instruments with no corresponding cis-eQTL (e.g. protein degradation, secretion, clearance etc.) and instrument strength is higher as more pQTLs are available per cytokine. Additionally, by extending the region by 500 kb regulating regions outside the gene may be captured and gain in instrument strength [21]. The gene locations were extracted from human genome build 19 using the University of California Santa Cruz (UCSC) Genome Browser (accessed on 18th June 2019). Gene expression data were obtained from the GTEx Portal (version 8) [20]. Variants with a minor allele frequency (MAF)<0.05 were excluded. In the context of a cis-region MR, using a very small correlation threshold may result in a loss of causal variants, therefore, clumping was performed using a pairwise linkage disequilibrium (LD) threshold of r2<0.1[22]. 
Outcome data
The Breast Cancer Association Consortium (BCAC) of up to 133,384 women with breast cancer and 113,789 controls of European ancestry was accessed to obtain associations of SNPs with risks of overall breast cancer and five intrinsic-like, molecular subtypes defined by estrogen receptor (ER), progesterone receptor (PR) and human epidermal growth factor receptor (HER) 2 status and tumour grade, namely luminal A-like; luminal B,HER2-negative-like;  luminal B-like; HER2-enriched-like; Triple-negative (Supplementary Tables 3 & 4) [23].
Associations of SNPs with risks of overall endometrial cancer, and endometrioid and non-endometrioid histological sub-types, were obtained from a meta-analysis of 17 studies from the Endometrial Cancer Association Consortium (ECAC), the Epidemiology of Endometrial Cancer Consortium (E2C2) and the UK Biobank, corresponding to a total of 12906 endometrial cancer cases and 108,979 country-matched controls of European ancestry [24].
Associations of SNPs with risk of overall lung cancer, its predominant histological types (lung adenocarcinoma, small cell carcinoma, squamous cell carcinoma) and associations stratified by smoking behaviour (ever and never smoking), were obtained from the Transdisciplinary Research of Cancer in Lung (TRICL) and the International Lung Cancer Consortium (ILCCO) of 29,266 patients and 56,450 controls of European descent [25].
Associations of SNPs with risk of overall invasive epithelial ovarian cancer and its histological subtypes (high grade serous, low-grade serous, endometrioid, clear-cell and mucinous ovarian cancer), were obtained from the Ovarian Cancer Association Consortium (OCAC) meta-analysis of up to 25,509 epithelial ovarian cancer and 40,941 controls. For overall invasive epithelial ovarian cancer and serous ovarian cancer, we used genetic association estimates from the meta-analysis (MA) that included an additional 31,448 BRCA1 and BRCA2 mutation carriers (including 3,887 high grade serous ovarian cancer cases) from the Consortium of Investigators of Modifiers of BRCA1/2 (CIMBA) [26].
Associations of SNPs with risk of overall and advanced prostate cancer (defined as Gleason Score 8+ or death from prostate cancer or metastatic disease (M1) or PSA>100), were obtained from the Prostate Cancer Association Group to Investigate Cancer-Associated Alterations in the Genome (PRACTICAL) Consortium of 79,148 prostate cancers and 61,106 controls of European descent. Additionally, summary data from two separate analyses were used: estimates describing the association between high vs low risk and high vs low or intermediate risk prostate cancer (Supplementary Tables 3 & 4) [27].
Mendelian randomization analyses
Separate analyses were performed using the two different sets of instruments (cis-pQTL and cis-eQTL) to investigate the associations of genetically proxied circulating cytokine concentrations with the risk of each of the cancer outcomes. When only a single SNP was available to construct the instrumental variable, the ratio of coefficients method was used to obtain MR estimates with first order weights used to generate standard errors. Where more than one SNP was available to construct the instrumental variable for a given cytokine, MR estimates obtained from the individual SNPs within the instrument were pooled using the random-effects inverse-variance weighted (IVW) MR method. To address multiple hypothesis testing, we estimated the false discovery rate (FDR) adjusted P values (q-values), in the main IVW MR analyses, using the sequential P value approach proposed by Benjamini and Hochberg [28]. A q-value not greater than 10% was considered significant. The effect estimates reflect the increase in cancer risk per SD higher in the natural scale of each cytokine.
To measure the strength of the genetic instruments, we calculated the F-statistic and proportion of variance explained (r2) for each genetic variant based on the circulating protein concentrations [29] (Supplementary Table 2). In addition, we computed (post-hoc) the statistical power to detect an odds ratio (OR) of 1.2 per 1-SD increase in circulating cytokine levels, with type I error rate of 0.05 (Supplementary tables 5 & 6) [30]. Since large associations for the genetic propensity for between-individual variability in circulating cytokine concentrations with cancer are generally not anticipated, we used an odds ratio of 1.2 in all power calculations.
The selected genetic variants, to be valid instruments for the MR analysis, must meet the following criteria: (i) they should be strongly associated with the circulating concentrations of the cytokine, (ii) they should be independent of any potential confounding variable of the cytokine-cancer association and (iii) they should affect cancer only through the cytokine being instrumented. The presence of horizontal pleiotropy, that occurs when a variant influences the outcome through other traits (pathways) that bypass the exposure of interest, is the most common reason for violation of the third assumption. We have, in part, adjusted for horizontal pleiotropy “by design” by excluding trans-associated loci. In addition, to evaluate the cytokine specificity, we performed sensitivity analysis either excluding instruments that are associated (p<5×10-8), in trans, with other cytokines, or by multivariate MR [31]. We also used several other sensitivity analyses, namely weighted-median, contamination mixture (ConMix), MR-Egger and MR-PRESSO, though these methods operate best in a polygenic MR analysis framework. Further details on the assumptions of these methods are described in the Supplemental Methods.
To further assess potential pleiotropic effects for the instruments for which there was evidence of an association from the MR analyses, we used Phenoscanner, a database that includes genotype-phenotype associations[32]. We searched for previously reported associations for any SNP that was included as instrument in our analysis, and associations with any secondary phenotypes related to inflammatory traits were considered vertical (in the same pathway from genetic variant to cancer) pleiotropy.
Systematic review of publicly available databases for medical drugs, observational studies and biological pathways
To provide in silico replication to our findings, we searched DrugBank and ChEMBL using cytokine-specific terms to identify cytokine related drug targets, and for the identified drugs, detailed searches using conventional drug names or synonyms were performed in clinical trial registries (e.g. clinicaltrials.gov) [33, 34]. In addition, to compare the findings of the MR analyses with epidemiological evidence, we searched PubMed for observational studies investigating the association of chronic inflammatory markers in relation to the cancer outcomes of interest, using general MeSH search terms such as “cytokines”, “inflammation” and “neoplasms”. Furthermore, biological pathways that the significant cytokines are involved were identified using the Kyoto Encyclopedia of Genes and Genomes (KEGG) database [35].
Colocalization analysis
Colocalization analysis evaluates the shared, local genetic architecture between two traits, applying a set of arithmetic operations followed by statistical testing to assess whether or not the observed overlap or spatial proximity is likely to be due to chance [36]. Colocalization analyses are valuable in strengthening the associations observed in MR analysis. They can help identify MR associations that may have arisen due to confounding by LD (i.e. when another genetic variant which is in high LD with a genetic instrument is also associated with the outcome) [37]. We applied a Bayesian framework proposed by Pickrell et al. to detect shared causal variants for the significant associations (FDR≤10%) in the MR analyses [38]. For each of these cytokines-cancer pairs, we used the genomic region extending 25 kb on both sides of the lead cytokine variant. Results with a posterior probability (PP)>0.8 within the gene locus of the putative causal cytokine of each pair were deemed as evidence for colocalization. We further explored the significant cytokines-cancer associations in colocalization analyses using tissue specific gene expression data (i.e. for a cytokine that was associated with lung cancer we conducted analyses of pQTL variants vs. lung tissue eQTL data)[39]. Default priors were used in all analyses. 
Significant associations (FDR<10%) that were confirmed in colocalization analyses, were replicated using independent outcome data from the UK Biobank [40].
All analyses were performed using R, version 4.0.2 [41].
Results
Instrument characteristics and instruments strength
In total, 31 and 27 cytokines (35 unique cytokines) with a median of 5 (IQR: 1 to 16) and 2 (IQR: 1 to 3) SNPs per instrument, were included in the analysis under the cis-pQTL and cis-eQTL definitions, respectively (Table 1 & Supplementary Table 2). The respective cytokines were: active plasminogen activator inhibitor-1 (activePAI), beta nerve growth factor (bNGF), cutaneous T-cell attracting chemokine (CTACK), Eotaxin, basic fibroblast growth factor (FGFBasic), growth regulated oncogene-alpha (GROa), hepatocyte growth factor (HGF), interleukin (IL)-16, IL-18, IL-1a, IL-1ra,IL-2ra, IL-6, IL-7, IL-8, IL-12p70, interferon gamma-induced protein 10 (IP-10), monocyte chemotactic protein-1 (MCP1), monocyte specific chemokine (MCP3), macrophage colony-stimulating factor (MCSF), macrophage migration inhibitory factor (MIF), monokine induced by interferon-gamma (MIG), macrophage inflammatory protein (MIP)-1a, MIP1b, platelet derived growth factor BB (PDGFbb), beta-chemokine RANTES (RANTES), stem cell factor (SCF), stem cell growth factor beta (SCGFb), soluble E-selectin (SeSelectin), soluble intercellular adhesion molecule (sICAM) 1, soluble vascular cell adhesion molecule (sVCAM) 1, Tumor necrosis factor (TNF)-A, TNF-B, TNF-related apoptosis inducing ligand (TRAIL) and vascular endothelial growth factor (VEGF) (Table 1 & Supplementary Tables 2, 5 & 6).
  The median variance explained (r2) by the genetic variants, per cytokine, was 1.60% (IQR: 0.55 to 6.65%) for the cis-pQTL and 0.51% (IQR: 0.20 to 1.90%) for the cis-eQTL (Table 1). The F-statistic for cytokines (averaged per cytokine) was ≥10 for 90% of the cytokines in the cis-pQTL analysis (range: 4 to 186) and for 67% of the cytokines in the cis-eQTL analysis (range: 5 to 1194) (Supplementary Table 2). In (post-hoc) power estimations, power ≥80% to detect an odds ratio of 1.2 (per SD), assuming a type I error rate of 0.05, was available for 37% (median power: 0.51) and 20% (median: 0.21) of the analyses using the pQTL and eQTL instrument definitions, respectively. 
Using the cis-pQTL instrument definition, 75 of the 1,013 associations (7.4%) that were investigated using MR IVW were nominally significant (p<0.05), while considering an FDR of 10% or less, 12 associations were significant, five of which were replicated (p<0.05) in analyses using the cis-eQTL instrument definition. Regarding these 12 associations, the median number of SNPs per instrument was 11.0 (IQR: 5.0 to 18.75) and the median r2 was 6.6% (IQR: 4.9 to 9.96%). The significant (p<0.05) MR IVW estimates using the cis-pQTL instrument definition positively correlated with MR IVW estimates using the cis-eQTL (r2=0.55; Supplementary Figure 1). 
The FDR significant associations are presented in more detail, by cancer outcome, below.
Cytokine associations with site-specific cancers using MR 
Breast cancer
Using the cis-pQTL instrument selection criteria we found evidence of a positive association between genetically proxied concentrations of growth-regulated oncogene-alpha (GROa/CXCL1) and overall breast cancer risk (odds ratio [OR], 95% confidence interval [CI]: 1.03, 1.02 to 1.05, p=1.09×10-4), with little evidence of heterogeneity or directional pleiotropy and associations were similar in all the sensitivity analyses (Figures 2 & 3; Supplementary Tables 5 & 6). Using the cis-eQTL criteria and applying a FDR correction (FDR≤10%), an inverse association between genetically proxied circulating concentrations of macrophage migration inhibitory factor (MIF/MIF) and overall breast cancer risk (0.88, 0.83 to 0.94, p=1×10-4) was found, compatible with the results from sensitivity analyses. 
Endometrial cancer
Genetically proxied concentrations of interleukin 1 receptor antagonist (IL-1ra/IL1RN) were inversely associated with overall endometrial cancer risk (0.86, 0.80 to 0.93, p=2.23×10-4) and the endometrioid subtype (0.85, 0.78 to 0.94; p=7.9×10-4), and the results were similar in all sensitivity analyses (Figures 2 & 3; Supplementary Tables 5 & 6). Using the eQTL definition and applying an FDR correction (FDR≤10%), a positive association between monokine induced by gamma interferon (MIG/CXCL9) and non-endometrioid endometrial cancer risk was observed (3.73, 1.86 to 7.47, p=2×10-4). We also observed inverse associations between genetically proxied circulating soluble intercellular adhesion molecule 1 (sICAM/ICAM1) and endometrioid endometrial cancer risk (0.47, 0.31 to 0.70, p=1.96×10-4).
Lung cancer
Using the cis-pQTL instrument selection criteria, we found a positive association between genetically proxied circulating concentrations of cutaneous T-cell attracting chemokine (CCL27/CTACK) and lung cancer risk in never smokers (2,355 cases, 1.51, 1.22 to 1.87, p=1.73×10-4), and inverse associations between genetically proxied interleukin-18 (IL-18/IL-18) concentrations and overall lung cancer (0.87, 0.81 to 0.93, p=9.9×10-5) and lung adenocarcinoma (0.80, 0.73 to 0.89, p=1.41×10-5) (Figures 2 & 3; Supplementary Tables 5 & 6).
Ovarian cancer
Using the cis-pQTL definition, positive associations were observed for genetically proxied Macrophage Colony-Stimulating Factor 1 (MCSF/CSF1) (1.75, 1.26 to 2.43; p=7.95×10-4) and macrophage inflammatory protein 1-alpha (MIP1a/CCL3) (1.48, 1.18 to 1.86, p=8.19×10-4) in relation to low-grade serous ovarian cancer (Figures 2 & 3; Supplementary Tables 5 & 6). Furthermore, an inverse association for genetically proxied concentrations of Beta-Chemokine RANTES (RANTES/CCL5) in relation to serous ovarian cancer (0.70, 0.57 to 0.85, p=3.8×10-4) was found, which was based on a single instrumental variable, hence no sensitivity analyses were performed. 
Prostate cancer
Using the cis-pQTL instrument selection criteria, we found evidence of a positive association between genetically proxied concentrations of MIP1a and overall prostate cancer risk (1.06, 1.03 to 1.1, p=5.62×10-4) and for an inverse association between genetically proxied vascular endothelial growth factor (VEGF/VEGFA) concentrations and risk of advanced prostate cancer (0.86, 0.79 to 0.93; p=2.28×10-4). The above estimates were similar in all sensitivity analyses (Figures 2 & 3; Supplementary Tables 5 & 6).
Systematic review of publicly available databases for medical drugs, observational studies and biological pathways
Of the 11 cytokines that showed evidence of a causal link with a cancer, records on past or present clinical drug development programmes were identified for six cytokines (RANTES, MIF, VEGF, IL-1ra, MIP1a, sICAM), four of which on drugs that have already been marketed (MIF, VEGF, IL-1ra and sICAM). Among the indications and associated conditions for these drugs are macular degeneration, skin disorders, cardiovascular disease, multiple sclerosis, cryopyrin-associated periodic syndrome, and as a pain remedy in inflammatory conditions of the joints and against microbial infections. Furthermore, drugs targeting VEGF have been used in several chemotherapy regimens to treat metastatic cancers, including non-squamous non-small cell lung cancer and epithelial ovarian cancer (Supplementary table 7). Epidemiological evidence for the observed associations was available for IL-1ra in relation to endometrial cancer, from a nested case-control study (OR = 1.28 per doubling concentrations; 95%CI: 1.06 to 1.54). Regarding the rest of the cytokines for which we found evidence of association from the MR analyses, observational epidemiological evidence was sparse (Supplementary Table 8). 
Eight of the 11 cytokines that showed evidence of a causal link with a cancer, were identified in the KEGG pathway database. The most common across cytokines was the ‘Cytokine-cytokine receptor interaction’ pathway, while most of these cytokines were involved in known cancer-related pathways, such as the ‘MAPK’ (MCSF; VEGF), the ‘NF-kappa B’ (GROa; sICAM), the ‘PI3K-Akt’ (MCSF; VEGF), the ‘Ras’ (MCSF; VEGF), the ‘HIF-1’ (VEGF) and the ‘Toll-like receptor’ (MIG) signalling pathways among others (Supplementary Table 9).
Colocalization
We found evidence to support the presence of a shared causal variant, using colocalization analysis (posterior probability for shared variant > 0.8) for the associations between MIF and overall breast cancer, IL-1ra and endometrioid endometrial cancer, IL-18 and lung adenocarcinoma, CTACK and lung cancer (in never smokers), and RANTES in relation to serous ovarian cancer (Supplementary Table 10). Regional colocalization plots for these associations are provided in Supplementary Figure 2.
When tissue specific gene-expression estimates were used, significant results were found for MIF in relation to breast tissue, IL-18 in relation to lung tissue and for MIG expression in the corpus uteri tissue (Supplementary Table 10).
Secondary traits associated with selected instruments and sensitivity analyses
Genetic variants that were used as instruments for specific cytokines were concomitantly associated (in trans) with other cytokines (Supplementary Table 11a). Sensitivity analysis, excluding these variants did not materially alter the effect estimates (Supplementary Table 12). Several SNPs used as instruments in our analyses have also been associated with other inflammation-related traits, such as white blood cell count, CRP, rheumatoid arthritis and eczema, strengthening their biological relevance as instrumental variables (Supplementary Table 11b). Two SNPs, namely rs868340 (used under the pQTL instrument definition for MIP1a) and rs281431 (used under the eQTL instrument definition for sICAM) were associated with secondary traits, such as body mass index and height, potentially introducing horizontal pleiotropy. Results were similar in sensitivity analyses, excluding potentially pleiotropic variants (Supplementary Table 12a). In addition, when we adjusted for the potential small LD among variants, results were qualitatively the same (Supplemental Table 12b).
Only the association of IL-18 in relation to lung cancer was replicated (p<0.05) in the UK Biobank (Supplementary Table 13), power though was substantially limited (5%) in all analyses.
Discussion
We used MR analyses to investigate potential causal links between genetically proxied circulating concentrations of several inflammatory-related cytokines and risk of breast, endometrial, lung, ovarian and prostate cancer. We found an inverse association between genetically proxied concentrations of MIF and breast cancer; a positive association of MIG and an inverse association of IL-1ra with endometrial cancer; a positive association of CTACK and an inverse association of IL-18 with lung cancer; an inverse association of RANTES with epithelial ovarian cancer. These findings were similar among sensitivity analyses and were supported in colocalization analyses. We also found a positive association of GROa with breast cancer; an inverse association of sICAM with endometrial cancer; positive associations of MCSF and MIP1a with epithelial ovarian cancer; and a positive association of MIP1a and an inverse association of VEGF with prostate cancer. These findings were similar in sensitivity analyses but were not supported by colocalization analyses.
Previous MR analyses have investigated associations of cytokines with cancer, but in general used trans SNPs in the construction of instrumental variables. One MR study that investigated the effect of 27 cytokines and growth factors on the risk of prostate cancer, drawing IV estimates from a previously published GWAS on 8,293 Finnish individuals and the same population that we included in our analysis for prostate cancer, found that higher genetically proxied circulating concentrations of C-C Motif Chemokine Ligand 2 (MCP-1/CCL2) were associated with a higher risk of prostate cancer [42]. Another MR study using the same source of instrumental variables, investigated 24 cytokines in relation to breast cancer risk and demonstrated positive associations for MCP-1, MIP1b and IL-13 [43]. Such associations were not replicated in our analysis, most likely due to a different instrument definition. Contrary to the previous MR studies, we used a cis definition to instrument the inflammatory biomarkers, selecting variants in close proximity to the encoding gene region, thus reducing the likelihood of horizontal pleiotropy [44]. Furthermore, previous MR studies used publicly available GWAS estimates for cytokines that were adjusted for BMI and these estimates may suffer from collider bias (a variable that is a common effect of two other variables) [45, 46], when cytokine concentrations affect directly BMI levels that has been observed in the literature for some cytokines [15].
We found an inverse association between genetically proxied MIF concentrations and breast cancer risk. MIF is a pro-inflammatory cytokine, aberrantly expressed in many solid tumours, including breast, and it has been shown to promote tumour progression and metastasis [47]. Additionally, due to its functional properties, it has been characterised as a promising target for anti-cancer treatment development [48]. Studies in various breast cancer cell lines and human breast cancer tissue, have indicated a potential role in breast cancer invasion and immunomodulation, though its functional role is not fully understood [49]. Overexpression of MIF has also correlated with worse survival in triple-negative breast cancer compared to other hormonal status [50]. Despite findings from several experimental studies suggesting a positive association, our study showed an inverse association for genetically proxied circulating MIF concentrations in relation to breast cancer and a similar observation was made in another study using the MR approach [43]. A reason for this discrepancy could be a potential pleiotropic effect that MIF might have depending on its cellular localization and tumour stage and type [47]. It has been speculated that intracellular MIF in the breast cells has a protective function, whereas extracellular MIF, whether it is tumour-associated macrophage (TAM)-derived or produced by carcinoma cells upon stroma/tumour interactions, is pathogenic [47]. 
In our study, we also found an inverse association between genetically proxied circulating IL-1ra concentrations and endometrial cancer risk. Few prospective studies have evaluated IL-1ra in relation to endometrial cancer [51-53]. In a nested case-control study in the European Prospective Investigation into Cancer (EPIC), elevated concentrations of IL-1ra were associated with higher endometrial cancer risk [52]. It should be noted though that a large proportion of the measurements of IL-1ra (52%) was below the assay limit of detection. Another EPIC study, in the context of a factor analysis, provided evidence for a positive association between IL-1ra and endometrial cancer only in post-menopausal women, while adjustment for BMI markedly attenuated risk estimates [51]. A case-control study nested within the PLCO cohort reported null associations between IL-1ra and endometrial cancer risk [53]. Even though observational studies have shown that IL-1ra might act as a pro-inflammatory agent, mechanistic plausibility for a protective role of IL-1ra in cancer was demonstrated in experimental studies [54-56]. Little epidemiological and experimental evidence is currently available to support the observed positive association for MIG in relation to endometrial cancer, although associations with cancer outcomes other than endometrial have been reported[57].
A positive association was found between genetically proxied CTACK and lung cancer in never smokers and a nominally significant association in small-cell lung cancer. Findings from experimental studies have shown that CTACK is highly expressed in tumour cells with metastatic potential [58]. Additionally, a recent biomarker analysis using an antibody array demonstrated that 17 cytokines, among them CTACK, were differentially expressed in serum samples of non-small-cell lung cancer patients compared to healthy controls [59]. On the other hand, a nested case-control study within the PLCO, including 526 cases and 592 controls, was inconclusive on the association between pre-diagnostic plasma CTACK concentrations and lung cancer (Q4 versus Q1: OR = 0.93, 0.64 to 1.35) [57]. Our analysis also showed an inverse association between genetically proxied IL-18 concentrations and overall lung cancer and lung adenocarcinoma. Our observations are in line with findings from experimental research that has demonstrated an antitumor activity of IL-18 on lung cancer [60, 61]. It has been shown that IL-18 exhibits a variety of biological activities with implications in tumour initiation and development. IL-18 can activate T-helper cells, which produce cytokines that interact with activated natural killer cells and mediate the antitumor activity of IL-18. Furthermore, IL-18 has anti-angiogenic and pro-lymphangiogenesis properties, which contribute to its antitumor activity.
We also found inverse associations for RANTES in relation to invasive epithelial ovarian cancer and serous ovarian cancer. Such an inverse association is not supported by the limited to date evidence that largely comes from experimental studies and suggest that RANTES is positively associated with cancer stem-like cells differentiation and tumour angiogenesis, tumour immune tolerance and invasion, and chemoresistance [62-64]. On the other hand, a study that used publicly available microarray data-sets, deposited in the National Center for Biotechnology Information (NCBI) Gene Expression Omnibus (GEO), demonstrated that the association between RANTES and overall survival (OS) among ovarian cancer patients was dependent on the TP53 mutation status and higher expression of RANTES was associated with better OS only on TP53 mutant serous ovarian cancer [65].
Among the strengths of our analyses are the wide range of inflammatory cytokines that we covered, and the large sample size that was used in most of the analyses that we performed. Another strength is the approach that we used for instrument selection by using variants in close proximity to the encoding gene region, minimizing the likelihood of horizontal pleiotropy [44]. Since cis-acting regulatory variants in the vicinity of genes influence mRNA and protein expression, and the majority of drug targets are proteins, an MR analysis using cis defined instruments is likely to have translational relevance [66]. In support of this notion, a number of studies during the last decade have demonstrated that variants in genes encoding a drug target mimic the effect of modifying the same target by use of pharmacological agents [67]. In addition, lifestyle changes such as changes in dietary habits, weight reduction and smoking cessation have been associated with changes in plasma concentrations of inflammatory biomarkers[68-70]. Considering that such changes can have a significant impact on the incidence of cancer when applied at the population scale, with minimal adverse effects, future studies that will aid in delineating such mediating effects are warranted. Our study’s primary limitation is the use of a single instrument or few instruments in some of the analyses, which may have affected power to reject the null hypothesis for some associations. The null findings for some associations are not necessarily indicative of the cytokines having no effect, since there were several cytokines with weak instruments. In addition, there may be non-linear effects, time-dependent effects or inflammation-environment interactions that are not captured by the current analysis. Moreover, potential synergistic effects between the studied cytokines and network cytokine approaches were not considered. Furthermore, since the number of independent SNPs required for the MR sensitivity analyses (i.e. weighted median, ConMix, MR Egger and PRESSO) to work properly is quite large, which is not the case in most of the analyses that we performed due to the cis-instrument definition approach, results of these analyses should be interpreted with caution. Another important point is that, although using the cis-eQTL definition (by retaining variants that are additionally associated with tissue specific expression), the cytokine expression component throughout the body (including in target organs) is partially captured, as measured cytokine concentrations in circulation may not relate to tissue expression. In addition, different parameters of gene expression, namely tissue specific and exposure specific expression are not accounted for in MR analyses. Even though we used a wide panel of inflammatory cytokines, genetic instruments were not available for several additional cytokines that may be implicated in cancer, such as IL-13, IFN-gamma, and CXCL13. Future larger single- and multi-trait GWASs of cytokine concentrations, and MR studies with individual-level data could address some of the latter issues. 
In conclusion, we used novel instruments that incorporate gene expression relevance and large-scale genetic data for various cancer outcomes in MR analyses to investigate the associations of more than 30 circulating inflammatory cytokines with cancer risk. We reported several robust associations, though further validation is needed to assess the potential of these cytokines to be used as drug or lifestyle targets for cancer prevention.

References
1.	Grivennikov SI, Greten FR, Karin M: Immunity, inflammation, and cancer. Cell 2010, 140(6):883-899.
2.	Rodier F, Coppé J-P, Patil CK, Hoeijmakers WAM, Muñoz DP, Raza SR, Freund A, Campeau E, Davalos AR, Campisi J: Persistent DNA damage signalling triggers senescence-associated inflammatory cytokine secretion. Nat Cell Biol 2009, 11(8):973-979.
3.	Rokavec M, Öner MG, Hermeking H: lnflammation-induced epigenetic switches in cancer. Cellular and Molecular Life Sciences 2016, 73(1):23-39.
4.	Thanan R, Oikawa S, Yongvanit P, Hiraku Y, Ma N, Pinlaor S, Pairojkul C, Wongkham C, Sripa B, Khuntikeo N et al: Inflammation-induced protein carbonylation contributes to poor prognosis for cholangiocarcinoma. Free Radical Biology and Medicine 2012, 52(8):1465-1472.
5.	Roberts RO, Bergstralh EJ, Bass SE, Lieber MM, Jacobsen SJ: Prostatitis as a risk factor for prostate cancer. Epidemiology (Cambridge, Mass) 2004, 15(1):93-99.
6.	Brenner DR, McLaughlin JR, Hung RJ: Previous lung diseases and lung cancer risk: a systematic review and meta-analysis. PLoS One 2011, 6(3):e17479.
7.	Song Y, Zhong X, Gao P, Zhou C, Shi J, Wu Z, Guo Z, Wang Z: Aspirin and Its Potential Preventive Role in Cancer: An Umbrella Review. Frontiers in endocrinology 2020, 11:3.
8.	Algra AM, Rothwell PM: Effects of regular aspirin on long-term cancer incidence and metastasis: a systematic comparison of evidence from observational studies versus randomised trials. The Lancet Oncology 2012, 13(5):518-527.
9.	Michels N, van Aart C, Morisse J, Mullee A, Huybrechts I: Chronic inflammation towards cancer incidence: A systematic review and meta-analysis of epidemiological studies. Critical Reviews in Oncology/Hematology 2021, 157:103177.
10.	Trabert B, Pinto L, Hartge P, Kemp T, Black A, Sherman ME, Brinton LA, Pfeiffer RM, Shiels MS, Chaturvedi AK et al: Pre-diagnostic serum levels of inflammation markers and risk of ovarian cancer in the prostate, lung, colorectal and ovarian cancer (PLCO) screening trial. Gynecol Oncol 2014, 135(2):297-304.
11.	Shiels MS, Katki HA, Hildesheim A, Pfeiffer RM, Engels EA, Williams M, Kemp TJ, Caporaso NE, Pinto LA, Chaturvedi AK: Circulating Inflammation Markers, Risk of Lung Cancer, and Utility for Risk Stratification. Journal of the National Cancer Institute 2015, 107(10):djv199.
12.	Garcia-Anguita A, Kakourou A, Tsilidis KK: Biomarkers of Inflammation and Immune Function and Risk of Colorectal Cancer. Current colorectal cancer reports 2015, 11(5):250-258.
13.	Kitamura T, Pollard JW: Therapeutic potential of chemokine signal inhibition for metastatic breast cancer. Pharmacological research 2015, 100:266-270.
14.	University of Oulu. Northern Finland Birth Cohort 1966. http://urn.fi/urn:nbn:fi:att:bc1e5408-980e-4a62-b899-43bec3755243. In.
15.	Sliz E, Kalaoja M, Ahola-Olli A, Raitakari O, Perola M, Salomaa V, Lehtimäki T, Karhu T, Viinamäki H, Salmi M et al: Genome-wide association study identifies seven novel loci associating with circulating cytokines and cell adhesion molecules in Finns. Journal of medical genetics 2019, 56(9):607-616.
16.	Karhunen V, Gill D, Malik R, Ponsford MJ, Ahola-Olli A, Papadopoulou A, Palaniswamy S, Mutt SJ, Sebert S, Männikkö M et al: Genetic study of circulating cytokines offers insight into the determinants, cascades and effects of systemic inflammation. medRxiv 2020:2020.2010.2026.20219477.
17.	Folkersen L, Gustafsson S, Wang Q, Hansen DH, Hedman Å K, Schork A, Page K, Zhernakova DV, Wu Y, Peters J et al: Genomic and drug target evaluation of 90 cardiovascular proteins in 30,931 individuals. Nature metabolism 2020, 2(10):1135-1148.
18.	Sun BB, Maranville JC, Peters JE, Stacey D, Staley JR, Blackshaw J, Burgess S, Jiang T, Paige E, Surendran P et al: Genomic atlas of the human plasma proteome. Nature 2018, 558(7708):73-79.
19.	Schmidt AF, Finan C, Gordillo-Marañón M, Asselbergs FW, Freitag DF, Patel RS, Tyl B, Chopade S, Faraway R, Zwierzyna M et al: Genetic drug target validation using Mendelian randomisation. Nature communications 2020, 11(1):3255.
20.	The GTEx Consortium atlas of genetic regulatory effects across human tissues. Science (New York, NY) 2020, 369(6509):1318-1330.
21.	Zheng J, Haberland V, Baird D, Walker V, Haycock PC, Hurle MR, Gutteridge A, Erola P, Liu Y, Luo S et al: Phenome-wide Mendelian randomization mapping the influence of the plasma proteome on complex diseases. Nature genetics 2020, 52(10):1122-1131.
22.	Gkatzionis A, Burgess S, Newcombe PJ: Statistical Methods for cis-Mendelian Randomization. 2021.
23.	Zhang H, Ahearn TU, Lecarpentier J, Barnes D, Beesley J, Qi G, Jiang X, O'Mara TA, Zhao N, Bolla MK et al: Genome-wide association study identifies 32 novel breast cancer susceptibility loci from overall and subtype-specific analyses. Nature genetics 2020, 52(6):572-581.
24.	O'Mara TA, Glubb DM, Amant F, Annibali D, Ashton K, Attia J, Auer PL, Beckmann MW, Black A, Bolla MK et al: Identification of nine new susceptibility loci for endometrial cancer. Nature communications 2018, 9(1):3166.
25.	McKay JD, Hung RJ, Han Y, Zong X, Carreras-Torres R, Christiani DC, Caporaso NE, Johansson M, Xiao X, Li Y et al: Large-scale association analysis identifies new lung cancer susceptibility loci and heterogeneity in genetic susceptibility across histological subtypes. Nature genetics 2017, 49(7):1126-1132.
26.	Phelan CM, Kuchenbaecker KB, Tyrer JP, Kar SP, Lawrenson K, Winham SJ, Dennis J, Pirie A, Riggan MJ, Chornokur G et al: Identification of 12 new susceptibility loci for different histotypes of epithelial ovarian cancer. Nature genetics 2017, 49(5):680-691.
27.	Schumacher FR, Al Olama AA, Berndt SI, Benlloch S, Ahmed M, Saunders EJ, Dadaev T, Leongamornlert D, Anokian E, Cieza-Borrella C et al: Association analyses of more than 140,000 men identify 63 new prostate cancer susceptibility loci. Nature genetics 2018, 50(7):928-936.
28.	Benjamini Y, Hochberg Y: Controlling the False Discovery Rate: A Practical and Powerful Approach to Multiple Testing. Journal of the Royal Statistical Society Series B (Methodological) 1995, 57(1):289-300.
29.	Palmer TM, Lawlor DA, Harbord RM, Sheehan NA, Tobias JH, Timpson NJ, Davey Smith G, Sterne JA: Using multiple genetic variants as instrumental variables for modifiable risk factors. Statistical methods in medical research 2012, 21(3):223-242.
30.	Brion MJ, Shakhbazov K, Visscher PM: Calculating statistical power in Mendelian randomization studies. International journal of epidemiology 2013, 42(5):1497-1501.
31.	Burgess S, Thompson DJ, Rees JMB, Day FR, Perry JR, Ong KK: Dissecting Causal Pathways Using Mendelian Randomization with Summarized Genetic Data: Application to Age at Menarche and Risk of Breast Cancer. Genetics 2017, 207(2):481-487.
32.	Staley JR, Blackshaw J, Kamat MA, Ellis S, Surendran P, Sun BB, Paul DS, Freitag D, Burgess S, Danesh J et al: PhenoScanner: a database of human genotype-phenotype associations. Bioinformatics (Oxford, England) 2016, 32(20):3207-3209.
33.	Wishart DS, Feunang YD, Guo AC, Lo EJ, Marcu A, Grant JR, Sajed T, Johnson D, Li C, Sayeeda Z et al: DrugBank 5.0: a major update to the DrugBank database for 2018. Nucleic acids research 2018, 46(D1):D1074-d1082.
34.	Davies M, Nowotka M, Papadatos G, Dedman N, Gaulton A, Atkinson F, Bellis L, Overington JP: ChEMBL web services: streamlining access to drug discovery data and utilities. Nucleic acids research 2015, 43(W1):W612-W620.
35.	Kanehisa M, Goto S, Sato Y, Furumichi M, Tanabe M: KEGG for integration and interpretation of large-scale molecular data sets. Nucleic acids research 2012, 40(Database issue):D109-114.
36.	Kanduri C, Bock C, Gundersen S, Hovig E, Sandve GK: Colocalization analyses of genomic elements: approaches, recommendations and challenges. Bioinformatics (Oxford, England) 2019, 35(9):1615-1624.
37.	VanderWeele TJ, Tchetgen Tchetgen EJ, Cornelis M, Kraft P: Methodological challenges in mendelian randomization. Epidemiology (Cambridge, Mass) 2014, 25(3):427-435.
38.	Pickrell JK, Berisa T, Liu JZ, Ségurel L, Tung JY, Hinds DA: Detection and interpretation of shared genetic influences on 42 human traits. Nature genetics 2016, 48(7):709-717.
39.	Battle A, Brown CD, Engelhardt BE, Montgomery SB: Genetic effects on gene expression across human tissues. Nature 2017, 550(7675):204-213.
40.	UK Biobank GWAS Results [http://www.nealelab.is/uk-biobank/]
41.	R Development Core Team: R: A language and environment for statistical computing. In.: Vienna, Austria: R Foundation for Statistical Computing; 2020.
42.	Sun X, Ye D, Du L, Qian Y, Jiang X, Mao Y: Genetically predicted levels of circulating cytokines and prostate cancer risk: A Mendelian randomization study. International Journal of Cancer 2020, 147(9):2469-2478.
43.	Li S, Xu Y, Zhang Y, Nie L, Ma Z, Ma L, Fang X, Ma X: Mendelian randomization analyses of genetically predicted circulating levels of cytokines with risk of breast cancer. npj Precision Oncology 2020, 4(1).
44.	Davey Smith G, Hemani G: Mendelian randomization: genetic anchors for causal inference in epidemiological studies. Human molecular genetics 2014, 23(R1):R89-98.
45.	Day FR, Loh PR, Scott RA, Ong KK, Perry JR: A Robust Example of Collider Bias in a Genetic Association Study. American journal of human genetics 2016, 98(2):392-393.
46.	Gkatzionis A, Burgess S: Contextualizing selection bias in Mendelian randomization: how bad is it likely to be? International journal of epidemiology 2019, 48(3):691-701.
47.	Verjans E, Noetzel E, Bektas N, Schütz AK, Lue H, Lennartz B, Hartmann A, Dahl E, Bernhagen J: Dual role of macrophage migration inhibitory factor (MIF) in human breast cancer. BMC cancer 2009, 9:230-230.
48.	Bloom J, Sun S, Al-Abed Y: MIF, a controversial cytokine: a review of structural features, challenges, and opportunities for drug development. Expert opinion on therapeutic targets 2016, 20(12):1463-1475.
49.	Cotzomi-Ortega I, Rosas-Cruz A, Ramírez-Ramírez D, Reyes-Leyva J, Rodriguez-Sosa M, Aguilar-Alonso P, Maycotte P: Autophagy Inhibition Induces the Secretion of Macrophage Migration Inhibitory Factor (MIF) with Autocrine and Paracrine Effects on the Promotion of Malignancy in Breast Cancer. Biology (Basel) 2020, 9(1):20.
50.	Charan M, Das S, Mishra S, Chatterjee N, Varikuti S, Kaul K, Misri S, Ahirwar DK, Satoskar AR, Ganju RK: Macrophage migration inhibitory factor inhibition as a novel therapeutic approach against triple-negative breast cancer. Cell death & disease 2020, 11(9):774.
51.	Dossus L, Lukanova A, Rinaldi S, Allen N, Cust AE, Becker S, Tjonneland A, Hansen L, Overvad K, Chabbert-Buffet N et al: Hormonal, metabolic, and inflammatory profiles and endometrial cancer risk within the EPIC cohort--a factor analysis. American journal of epidemiology 2013, 177(8):787-799.
52.	Fortner RT, Hüsing A, Kühn T, Konar M, Overvad K, Tjønneland A, Hansen L, Boutron-Ruault MC, Severi G, Fournier A et al: Endometrial cancer risk prediction including serum-based biomarkers: results from the EPIC cohort. Int J Cancer 2017, 140(6):1317-1323.
53.	Trabert B, Eldridge RC, Pfeiffer RM, Shiels MS, Kemp TJ, Guillemette C, Hartge P, Sherman ME, Brinton LA, Black A et al: Prediagnostic circulating inflammation markers and endometrial cancer risk in the prostate, lung, colorectal and ovarian cancer (PLCO) screening trial. Int J Cancer 2017, 140(3):600-610.
54.	Arend WP, Malyak M, Guthridge CJ, Gabay C: Interleukin-1 receptor antagonist: role in biology. Annual review of immunology 1998, 16:27-55.
55.	Lewis AM, Varghese S, Xu H, Alexander HR: Interleukin-1 and cancer progression: the emerging role of interleukin-1 receptor antagonist as a novel therapeutic agent in cancer treatment. Journal of translational medicine 2006, 4:48.
56.	Elaraj DM, Weinreich DM, Varghese S, Puhlmann M, Hewitt SM, Carroll NM, Feldman ED, Turner EM, Alexander HR: The role of interleukin 1 in growth and metastasis of human cancer xenografts. Clinical cancer research : an official journal of the American Association for Cancer Research 2006, 12(4):1088-1096.
57.	Shiels MS, Pfeiffer RM, Hildesheim A, Engels EA, Kemp TJ, Park J-H, Katki HA, Koshiol J, Shelton G, Caporaso NE et al: Circulating inflammation markers and prospective risk for lung cancer. Journal of the National Cancer Institute 2013, 105(24):1871-1880.
58.	Karnezis T, Farnsworth RH, Harris NC, Williams SP, Caesar C, Byrne DJ, Herle P, Macheda ML, Shayan R, Zhang YF et al: CCL27/CCL28-CCR10 Chemokine Signaling Mediates Migration of Lymphatic Endothelial Cells. Cancer Res 2019, 79(7):1558-1572.
59.	Cai D, Xu Y, Ding R, Qiu K, Zhang R, Wang H, Huang L, Xie X, Yan H, Deng Y et al: Extensive serum biomarker analysis in patients with non-small-cell lung carcinoma. Cytokine 2020, 126:154868.
60.	Xiong D, Feng R, Yang S, Lin T, Chen X: Antitumor activity of interleukin-18 on A549 human lung cancer cell line. Journal of cancer research and therapeutics 2019, 15(7):1635-1641.
61.	Tian H, Shi G, Yang G, Zhang J, Li Y, Du T, Wang J, Xu F, Cheng L, Zhang X et al: Cellular immunotherapy using irradiated lung cancer cell vaccine co-expressing GM-CSF and IL-18 can induce significant antitumor effects. BMC cancer 2014, 14:48.
62.	Tang S, Xiang T, Huang S, Zhou J, Wang Z, Xie R, Long H, Zhu B: Ovarian cancer stem-like cells differentiate into endothelial cells and participate in tumor angiogenesis through autocrine CCL5 signaling. Cancer Letters 2016, 376(1):137-147.
63.	You Y, Li Y, Li M, Lei M, Wu M, Qu Y, Yuan Y, Chen T, Jiang H: Ovarian cancer stem cells promote tumour immune privilege and invasion via CCL5 and regulatory T cells. Clinical and experimental immunology 2018, 191(1):60-73.
64.	Pasquier J, Gosset M, Geyl C, Hoarau-Véchot J, Chevrot A, Pocard M, Mirshahi M, Lis R, Rafii A, Touboul C: CCL2/CCL5 secreted by the stroma induce IL-6/PYK2 dependent chemoresistance in ovarian cancer. Molecular cancer 2018, 17(1):47.
65.	Ignacio RMC, Lee E-S, Wilson AJ, Beeghly-Fadiel A, Whalen MM, Son D-S: Chemokine Network and Overall Survival in TP53 Wild-Type and Mutant Ovarian Cancer. Immune Netw 2018, 18(4):e29-e29.
66.	Imming P, Sinning C, Meyer A: Drugs, their targets and the nature and number of drug targets. Nature reviews Drug discovery 2006, 5(10):821-834.
67.	Swerdlow DI, Holmes MV, Kuchenbaecker KB, Engmann JE, Shah T, Sofat R, Guo Y, Chung C, Peasey A, Pfister R et al: The interleukin-6 receptor as a target for prevention of coronary heart disease: a mendelian randomisation analysis. Lancet (London, England) 2012, 379(9822):1214-1224.
68.	Eichelmann F, Schwingshackl L, Fedirko V, Aleksandrova K: Effect of plant-based diets on obesity-related inflammatory profiles: a systematic review and meta-analysis of intervention trials. Obesity reviews : an official journal of the International Association for the Study of Obesity 2016, 17(11):1067-1079.
69.	Fedewa MV, Hathaway ED, Ward-Ritacco CL: Effect of exercise training on C reactive protein: a systematic review and meta-analysis of randomised and non-randomised controlled trials. British journal of sports medicine 2017, 51(8):670-676.
70.	Rodrigues FM, Ramos D, Xavier RF, Ito JT, Souza AP, Fernandes RA, Cecchini R, Rossi e Silva RC, Macchione M, Toledo-Arruda AC et al: Nasal and systemic inflammatory profile after short term smoking cessation. Respiratory medicine 2014, 108(7):999-1006.

Footnotes
Contributors: KKT, AD, DG, VK and MRJ designed the study. EB, VK and JH performed the analysis. All authors interpreted the results. EB and KKT drafted the manuscript. All authors critically revised the manuscript for intellectual content. All authors approved the submitted version and are accountable for the integrity of the work.
Sources of Funding: This work was supported by a Cancer Research UK Programme Grant (C18281/A29019). DG was supported by the British Heart Foundation Centre of Research Excellence (RE/18/4/34215) at Imperial College, and a National Institute for Health Research Clinical Lectureship (CL-2020-16-001) at St. George's, University of London. VK has received funding from the European Union's Horizon 2020 research and innovation program under the Marie Sklodowska-Curie grant 721567 (CAPICE project) and grant 848158 (EarlyCause), and the Academy of Finland [Project 312123]. This project has received funding from the European Union’s Horizon 2020 research and innovation programme (666881), SVDs@target (to MD; 667375), CoSTREAM (to MD); the DFG as part of the Munich Cluster for Systems Neurology (SyNergy, EXC EXC 2145 SyNergy – ID 390857198 ), the CRC 1123 (B3; to MD) and project DI 722/13-1; the Corona Foundation (to MD); the LMUexcellent fond (to MD); the e:Med program (e:AtheroSysMed; to MD) and the FP7/2007-2103 European Union project CVgenes@target (grant agreement number Health-F2-2013-601456; to MD). NFBC1966 received financial support from University of Oulu Grant no. 65354, Oulu University Hospital Grant no. 2/97, 8/97, Ministry of Health and Social Affairs Grant no. 23/251/97, 160/97, 190/97, National Institute for Health and Welfare, Helsinki Grant no. 54121, Regional Institute of Occupational Health, Oulu, Finland Grant no. 50621, 54231. SJL and RMM were supported by the NIHR Biomedical Research Centre at University Hospitals Bristol and Weston NHS Foundation Trust and the University of Bristol. The views expressed are those of the author(s) and not necessarily those of the NIHR or the Department of Health and Social Care. JY is supported by a Cancer Research UK Population Research Postdoctoral Fellowship (C68933/A28534). TK and RT were supported by Cancer Research UK (grants C8221/A29017) and the Medical Research Council (grant MR/M012190/1). CIA and RH are supported by U19CA203654. CIA is a Research Scholar of the Cancer Prevention Research Institute of Texas and supported by CPRIT RR170048.  VS was supported by the Finnish Foundation for Cardiovascular Research. SJ and MS were supported by the Finnish Academy. PCH was supported by Cancer Research UK (C52724/A20138 & C18281/A29019). MRJ was supported by the Academy of Finland grant numbers 24300796, 24302031, 285547 (EGEA); the Medical Research Council (MRC) UK (grant number G0601653); Medical Research Council Biotechnology and Biological Sciences Research Council PREcisE (Nutrition & Epigenome, The Joint Programming Initiative a Healthy Diet for a Healthy Life (JPI HDHL/EU-H2020)); SP and MRJ are supported by the European Union's Horizon 2020 programme EDCMET (grant number 825762).
Acknowledgements: The authors acknowledge the contributors of the data used in this work: BCAC, ECAC & E2C2, OCAC, PRACTICAL, INTEGRAL- ILCCO.
Competing interests: I have read the journal’s policy and the authors of this manuscript have the following competing interests: DG is employed part-time by Novo Nordisk. VS has received honoraria from Novo Nordisk and Sanofi for consulting. He also has ongoing research collaboration with Bayer Ltd. (All unrelated to the present study). These companies had no role in study design, data collection and analysis, decision to publish, or preparation of the manuscript. The remaining authors have no conflicts of interest to declare. 
Disclaimer: Where authors are identified as personnel of the International Agency for Research on Cancer / World Health Organization, the authors alone are responsible for the views expressed in this article and they do not necessarily represent the decisions, policy or views of the International Agency for Research on Cancer / World Health Organization.
Ethics approval and consent to participate: Not applicable.
Availability of data and materials: All data used in this work are presented in the supplement and are available in the original publications.
Dissemination to participants and related patient and public communities: The accepted paper and related messages will be shared via social media channels.
Patient and public involvement: This research did not involve patients or the public as it uses data that were previously obtained from cohorts of people who had already been recruited. As such, no patients or member of the public were involved in the design, or conduct, or reporting, or dissemination plans of our research.
Consent to publish: We confirm that this manuscript has been approved by all authors to be published in the BMC Medicine


List of main Tables and Figures
Table 1. Instrument strength per cytokine in the cis-pQTL and cis-eQTL analyses.
	Cytokine
	Gene
	Gene ensemble
	Chr
	Start hg19
	End hg19
	cis-pQTL 
(n instruments)
	pQTL (r2)
	cis-eQTL 
(n instruments)
	eQTL (r2)

	activePAI
	SERPINE1
	ENSG00000106366
	7
	100770370
	100782547
	1
	0.003
	-
	-

	bNGF
	NGF
	ENSG00000134259
	1
	115828537
	115880857
	-
	-
	1
	0.002

	CTACK
	CCL27
	ENSG00000213927
	9
	34661893
	34662689
	3
	0.060
	2
	0.041

	Eotaxin
	CCL11
	ENSG00000172156
	17
	32612687
	32615199
	6
	0.015
	4
	0.010

	FGFBasic
	FGF2
	ENSG00000138685
	4
	123747863
	123819390
	-
	-
	2
	0.002

	GROa
	CXCL1
	ENSG00000163739
	4
	74735109
	74737019
	11
	0.272
	1
	0.127

	HGF
	HGF
	ENSG00000019991
	7
	81331444
	81399452
	6
	0.010
	-
	-

	IL-16
	IL16
	ENSG00000172349
	15
	81517640
	81605104
	18
	0.037
	6
	0.031

	IL-18
	IL18
	ENSG00000150782
	11
	112013974
	112034840
	5
	0.051
	2
	0.024

	IL-1a
	IL1A
	ENSG00000115008
	2
	113531492
	113542971
	-
	-
	3
	0.003

	IL-1ra
	IL1RN
	ENSG00000136689
	2
	113885138
	113891593
	18
	0.075
	2
	0.017

	IL-2ra
	IL2RA
	ENSG00000134460
	10
	6052657
	6104333
	14
	0.260
	4
	0.130

	IL-6
	IL6
	ENSG00000136244
	7
	22766766
	22771621
	1
	0.002
	1
	0.001

	IL-7
	IL7
	ENSG00000104432
	8
	79645007
	79717758
	1
	0.005
	-
	-

	IL-8
	CXCL8
	ENSG00000169429
	4
	74606223
	74609433
	1
	0.004
	2
	0.005

	IL-12p70
	IL12A
	ENSG00000168811
	3
	159706623
	159713806
	1
	0.002
	-
	-

	IL-12p70
	IL12B
	ENSG00000113302
	5
	158741791
	158757481
	1
	0.002
	-
	-

	IP-10
	CXCL10
	ENSG00000169245
	4
	76942269
	76944689
	5
	0.020
	-
	-

	MCP-1
	CCL2
	ENSG00000108691
	17
	32582296
	32584220
	28
	0.006
	3
	0.001

	MCP-3
	CCL7
	ENSG00000108688
	17
	32597235
	32599261
	13
	0.289
	-
	-

	MCSF
	CSF1
	ENSG00000184371
	1
	110453233
	110473616
	13
	0.049
	3
	0.018

	MIF
	MIF
	ENSG00000240972
	22
	24236565
	24237409
	2
	0.019
	5
	0.020

	MIG
	CXCL9
	ENSG00000138755
	4
	76922623
	76928641
	1
	0.011
	2
	0.008

	MIP1a
	CCL3
	ENSG00000277632
	17
	34415603
	34417506
	34
	0.217
	1
	0.059

	MIP1b
	CCL4
	ENSG00000275302
	17
	34431220
	34433014
	26
	0.147
	3
	0.003

	PDGFbb
	PDGFB
	ENSG00000100311
	22
	39619685
	39640957
	1
	0.001
	-
	-

	RANTES
	CCL5
	ENSG00000271503
	17
	34198496
	34207377
	1
	0.009
	1
	0.009

	SCF
	KITLG
	ENSG00000049130
	12
	88886570
	88974250
	3
	0.006
	2
	0.001

	SCGFb
	CLEC11A
	ENSG00000105472
	19
	51226605
	51228981
	2
	0.016
	1
	0.004

	SeSelectin
	SELE
	ENSG00000007908
	1
	169691781
	169703220
	2
	0.008
	2
	0.002

	sICAM
	ICAM1
	ENSG00000090339
	19
	10381517
	10397291
	25
	0.168
	2
	0.004

	sVCAM
	VCAM1
	ENSG00000162692
	1
	101185196
	101204601
	1
	0.003
	1
	0.003

	TNF-A
	TNF
	ENSG00000232810
	6
	31543344
	31546112
	2
	0.004
	-
	-

	TNF-B
	LTA
	ENSG00000226979
	6
	31539876
	31542100
	-
	-
	1
	0.001

	TRAIL
	TNFSF10
	ENSG00000121858
	3
	172223298
	172241297
	46
	0.027
	5
	0.006

	VEGF
	VEGFA
	ENSG00000112715
	6
	43737946
	43754223
	21
	0.073
	1
	0.0004


activePAI: active plasminogen activator inhibitor-1; bNGF: beta nerve growth factor; CTACK: cutaneous T-cell attracting chemokine; FGFBasic: basic fibroblast growth factor; GROa: growth regulated oncogene-alpha; HGF: hepatocyte growth factor; IL: interleukin; ra: receptor antagonist; IP-10: interferon gamma-induced protein 10; MCP1: monocyte chemotactic protein-1; MCP3: monocyte specific chemokine; MCSF: macrophage colony-stimulating factor; MIF: macrophage migration inhibitory factor; MIG: monokine induced by interferon-gamma; MIP: macrophage inflammatory protein; PDGFbb: platelet derived growth factor BB; SCF: stem cell factor;  SCGFb: stem cell growth factor beta; SeSelectin: soluble E-selectin; sICAM: soluble intercellular adhesion molecule; sVCAM: soluble vascular cell adhesion molecule; TNF: Tumor necrosis factor; TRAIL: TNF-related apoptosis inducing ligand; VEGF: vascular endothelial growth factor.




[image: A picture containing text, receipt

Description automatically generated]
Figure 1. Overview of the analytical plan.
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Figure 2. Summary of the MR-IVW results based on the cis-pQTL instrument definition. Squared tiles indicate that the association is nominally significant (P < 0.05), and the asterisk denotes that the association was significant when considering multiple comparison correction (FDR ≤ 10%). Colour is scaled based on the MR beta estimates, while associations for which no instrument was available are presented as white tiles.
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Figure 3. Summary of the MR-IVW results based on the cis-eQTL instrument definition. Squared tiles indicate that the association is nominally significant (P < 0.05), and the asterisk denotes that the association was significant when considering multiple comparison correction (FDR ≤ 10%). Colour is scaled based on the MR beta estimates, while associations for which no instrument was available are presented as white tiles.
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Figure 4. Summary MR-IVW and sensitivity analyses of the associations that were significant when considering multiple comparison correction (FDR≤10%). 
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