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[bookmark: _dn09y9ui5jux]ABSTRACT
[bookmark: _7tpvp1gapvz0]IMPORTANCE: 
In addition to well-established clinical factors, a polyexposure risk score could be useful for type 2 diabetes (T2D) screening, while the incremental value of a polygenic risk score is uncertain.
[bookmark: _wpa9xys5aw9i]OBJECTIVE:
To establish a polyexposure score for T2D which encompases many non-genetic exposure factors, and to examine whether a polyexposure and/or a polygenic risk score improves risk prediction beyond clinical risk factors. 
[bookmark: _bt7e4fskjqhg]DESIGN:
An observational cohort study of UK Biobank participants. Baseline demographic, non-genetic exposure, genetic, and clinical data were used to estimate the predictive accuracy of various risk scores for T2D. 
[bookmark: _wpuifghw771f]SETTING:
The UK Biobank resource comprises 502,655 participants between 40-70 years of age recruited from 22 assessment centers across England, Scotland, and Wales from 2006 to 2010.
[bookmark: _6ky1lsdonfop]PARTICIPANTS:
383,482 unrelated individuals who were of white British ancestry with no prior diagnosis of T2D were divided into three groups for training, validation, and testing. 
[bookmark: _ht9rxnd0jc2i]EXPOSURES:
The polygenic risk score was computed by taking a weighted sum of over 6 million SNPs based on previously published weights. The polyexposure risk score for each individual was computed by using a machine learned based procedure to select for independent exposures from 111 total nongenetic factors and subsequently taking their weighted sum based on individual responses. The clinical risk score was derived from variables of sex, age family history, BMI, systolic blood pressure, serum glucose levels, serum HDL-C, and serum triglycerides.
[bookmark: _huo9hgmft244]OUTCOMES:	
Prediction of 6-year first T2D event using various risk scores assessed using measures of model discriminiaton and net reclassification improvement (NRI). 
[bookmark: _yfqrszhibgeb]RESULTS:
In the study population of 383,482 participants (median year of birth, 1950; 208 152 females [54.28%]), 11,688 participants had incident T2D over a median follow-up time 1,224 days (interquartile, 1099.2 days). The final polyexposure risk score is composed of 19 indicators of alcohol, air pollution, diet, income, physical activity, sleeping habits, smoking and sun exposure. Of the pairwise comparisons between polygenic, polyexposure, and clinical risk scores, polyexposure and clinical risk scores had the strong correlation (r=0.576 [95% CI, 0.571 to 0.580]). T2D discrimination for polygenic risk score, polyexpsoure risk score, cinical risk score, or all three scores combined had C statistics of 0.712 (95% CI, 0.702 to 0.722), 0.788 (95% CI, 0.779 to 0.797), 0.857 (95% CI 0.85 to 0.864), and 0.875 (CI 0.869 to 0.881), respectively.  Use of the polygenic and polyexposure risk scores models in the model was 0.802 [95% CI, 0.794 to 0.81], which additively approaches that of the clinical risk score model. Using a risk threshold of 17.5%, addition of the polyexposure risk score to the clinical risk score significantly improved classification accuracy of 0.143 (95% CI, 0.079 to  0.279) for cases, -0.014 (95% CI, -0.019 -0.009) for noncases and an overall NRI 0.129; 95% CI, 0.070 to 0.260). Addition of polygenic risk score did not significantly improve classification accuracy with an overall NRI of 0.055 (95% CI, -0.008 to 0.187).
[bookmark: _j9nx23rgx85u]CONCLUSIONS AND RELEVANCE:
The polyexposure risk score, which emcompases a range of non-genetic variables, significantly improves predictive accuracy and reclassification of incident T2D while the polygenic risk score demonstrated a modest improvement. These results suggest that polyexposure risk score should be used in addition to clinical risk factors for general T2D risk prediction in middle-aged populations of white genetic ancestry.

[bookmark: _cdqjnq6rns27]INTRODUCTION
[bookmark: _GoBack]Type 2 diabetes (T2D) is a serious chronic condition that results in an impaired wellbeing for individuals. It is a leading cause of death in the world and remains a large global burden in healthcare1. Individuals with T2D have approximately a 7-year shorter life expectancy compared to the general non-diabetic population, due to major diabetic complications2. Recent advances in genetic research tools, such as genome-wide association studies (GWASs), have unveiled important genetic determinants of T2D. The results of GWASs confirmed previously known T2D susceptibility loci as well as identified novel pathways in T2D3. At the same time, it has become widely accepted that T2D is also heavily influenced by environmental or non-genetic factors. However, studies of non-genetic exposure factors often only consider a single or handful of factors at a time without much consideration for dense correlation between exposures4,5. Further still, most research is siloed, examining either genetics or exposure variables associated with disease. Rarely have investigations considered multiple non-genetic and genetic factors simultaneously, possibly due to the lack of data resources which have both genetic information and a large set of environmental exposure variables. 	Comment by Tzoulaki, Ioanna: Maybe add here more on the justification of using the exposome for risk prediction (not understanding disease cause but predicting disease incidence), why it is important and promising, what can offer to standard clinical variables?
While genome-wide polygenic risk scores (PGS) have been shown to identify individuals with significantly increased risk for several common diseases, including T2D6,7, a comparable study on combined multiple exposure/non-genetic factors does not exist. We term the “poly-exposure score” (PXS). Using self-reported and hospital admission information from participants of the UK Biobank, we developed a T2D PXS from 111 exposure variables. 
Furthermore, the added value of genetics and/or environmental variables on top of well established and validated risk models is not well understood5. While Meigs et al. showed that a genotype score based on 18 risk alleles did not provide a substantially higher better prediction of T2D than knowledge of common risk factors alone, the impact of a PGS consisting of millions of genetic markers is unclear. Here, we evaluate the potential of PXS and PGS to improve risk prediction for T2D over and above clinical risk factors. 

[bookmark: _v1eug6vrwjaa]RESULTS 
From the UK Biobank (UKB), we selected 383,482 unrelated individuals (median year of birth, 1950; 208 152 females [54.28%]) who were of white British ancestry with no prior diagnosis of T2D and complete baseline data for our study. Of these, 11,688 participants had incident T2D. The median follow-up time of T2D cases was 1,224 days (interquartile, 1099.2 days), with 60.96% males (Figure 1). We randomly sorted the participants into three roughly equal groups.  We conducted initial exposure analysis and clinical risk factor model development in a second group of 128,113 individuals from the first group of participants, with a median birth year of 1950 and 45.67% male. We carried out the variable selection procedure on the second group of 127,547 participants,  of which 82,413 individuals had complete information. Lastly, we calculated the poly-exposure score (PXS), the clinical risk score (CRS), and the poly-genic risk score (PGS) and evaluated their predictive performance in the 79,292 individuals from a third independent group with complete exposure and clinical risk factor data with median year of birth of 1950 and 46.78% male. 	Comment by Tzoulaki, Ioanna: What did you do with those having high HbA1c at baseline?	Comment by Tzoulaki, Ioanna: Confusing…..	Comment by Tzoulaki, Ioanna: Why mention age?
[image: ]
Figure 1: Study design. Polyexposure score (PXS), clinical risk score (CRS), and poly-genic risk score (PGS) were calculated and compared in terms of their predictive accuracy. PGS was calculated using previously published weights. CRS factors included sex, age family history, BMI, systolic blood pressure, serum glucose levels, serum HDL-C, and serum triglycerides. PXS factors were selected using a lasso based method that relied on summary statistics from XWAS.
	
To build the clinical risk score (CRS), we used a Cox proportional hazards regression model to associate known risk factors for T2D, including sex, age, family history, BMI, systolic blood pressure, serum glucose levels, serum HDL-C, and serum triglycerides8. Family history and triglycerides had the largest change between first and last CRS deciles (Supplementary Figure 1). All factors were significantly associated with T2D in the multivariate model (Supplemental Table). We derived the polygenic risk score for T2D from previously established SNP weights6. 	Comment by Tzoulaki, Ioanna: How did you select this score among many others for T2D? There is a systematic review in BMJ https://www.bmj.com/content/345/bmj.e5900 maybe you can choose the best or the one with a good validation? I doing so should you get the coefficients from published study and apply directly in your testing set?	Comment by Tzoulaki, Ioanna: Should you use the training set to train your polygenic risk score using the PRS methodologies (lassosum or Ldpred?)
To calculate the polyexposure risk score (PXS), which encompasses many non-genetic factors/exposures independently associated with disease, we first conducted an eXposure-wide analysis study (XWAS) in the training set, associating 111 exposure variables with incident T2D9. These exposure variables included indicators of alcohol, air pollution,  noise pollution, dietary factors, dietary nutrients, early life factors, education levels, employment status, household information, physical activity, sleeping habits, smoking, sun exposure, and area-level indicators of a geography/tract, including Townsend index (See Supplementary Table-XWAS for the entire list). We refer to the entire array of potential environmental or non-genetic factors as ‘exposures’. Due to individuals with varying amounts of missing information, the XWAS Cox regression analysis had a range of sample sizes, with a mean of 124,947 individuals (se=396 individuals) (Supplementary Table-XWAS). There were 76 significantly associated exposure variables with T2D after adjusting for multiple hypothesis testing (Benjamini-Hochberg FDR-adjusted p value less than 0.05). Among these, “Major dietary changes in the last 5 years: Yes because of illness”, “Alcohol intake frequency: Special occasions only”, and “Past tobacco smoking: I have never smoked” were the top significantly associated responses with the disease (Supplementary Table-XWAS). 	Comment by Tzoulaki, Ioanna: Wondering whether this captures prevalent T2D that for some reason was not in self reported diabetes question?	Comment by Tzoulaki, Ioanna: Direct or inverse?
To elucidate independent association with incident T2D, we fit a multivariate Cox regression model with all selected variables (n=76). At least one response from each category was nominally associated (p<0.05) with the incident T2D . After variable selection, 19 exposure variables were independently associated with T2D (Table 1, Methods, Supplementary Table-post_selection_vars). These 19 variables included indicators of alcohol, air pollution, diet, facial aging, income, physical activity, sleeping habits, and smoking (Supplementary Table - Cox_selected_vars). For example, in the final multivariate model, responding “major dietary changes in the past 5 years” has a hazard ratio of 3.85 compared to responding “no major dietary changes in the past 5 years”; responding “special occasions only” for alcohol intake had a hazard ratio of 2.13 compared to “daily or almost daily”; and responding “never smoked in the past” had a hazard ratio of 0.68 compared to responding “smoked on most or all days in the past the number of days per week”. (Supplementary Table - Cox_selected_vars). The final polyexposure risk score in the test set is calculated by summing the product of the weights and the responses of the 19 independent exposure variables. 
[image: ]
Table 1: T2D polyexposure risk score (PXS). The PXS was composed of 19 variables that were indicators of alcohol, air pollution, diet, facial aging, income, other socialeconomica factors, physical activity, sleeping habit, and smoking. The hazard ratio and p values for the categorical (left) and continuous (right) variables are shown. Hazard ratio of categorical responses are in comparison to the reference responses. Variables are colored by indicator category and sorted alphabetically. 

Next, we conducted a series of sensitivity analyses to determine the most crucial variables in the T2D PXS. Major dietary changes in the past five years and alcohol intake frequency were the most important variables in the PXS (Supplementary Table - senstivity_analysis). For example, a higher proportion of individuals with low PXS reported no major dietary change in the past five years and daily or almost daily alcohol intake compared to individuals with high PXS (Supp. Figure 1). 	Comment by Tzoulaki, Ioanna: I am wondering whether you should have also included in the poly-exposure the list of measured biomarkers?

Poly-genic risk score, poly-exposure risk score, and clinical risk score were positively significantly correlated with each other (p < 0.0001). Of the pairwise comparisons in the test set, PXS and CRS percentiles had the strong correlation (r=0.576 [95% CI, 0.571 to 0.580]), while PXS and PRS had the weakest correlation (r=0.034 [95% CI, 0.027 to 0.040]).
We found that the risk of T2D rises monotonically with all three scores, but with the steepest slope in CRS. In the lowest deciles of CRS, PXS, and PGS, the prevalence of T2D is 0.16%, 0.18%, and 1.34% while in the highest deciles of CRS, PXS, and PGS have T2D prevalences of 16.84% (105 fold change), 12.42% (70 fold change), and 5.63% (4 fold change) in our testing set (Supp. Figure 3). Kaplan-Meier analysis of time to event also shows significant differences between risk score quartiles (p<0.0001, Supp Fig 4). The mean CRS, PXS, and PRS percentiles were 93, 86, and 66, respectively, for individuals with T2D versus 49, 49, and 50, respectively, for individuals without T2D. Hazard ratios associated with risk score values in the upper 1st, 5th, 10th and 20th percentiles are shown in Table 2.

[image: ]
Table 2: Hazard ratio (HR) for individuals with highest risk of T2D. The HR and 95 CI for individuals in the top 1%, 5%, 10%, and 20% of using the poly-genic risk score (PGS), poly-exposure risk score (PXS), or clinical risk score (CRS) models compared to the remaining population. 	Comment by Tzoulaki, Ioanna: Detail but keep 2 decimal points for publication

	All three risk scores were able to discriminate individuals with and without T2D in the entire cohort as well as in age and gender subgroups, but to varying degrees As expected, the discrimination for T2D was highest in the clinical risk score model (C statistic, 0.857 [95% CI  0.85 to 0.864]). The PXS model was second (C statistic, 0.788 [95% CI 0.779 to 0.797], and the PGS model had the lowest discrimination for T2D (C statistic, 0.712 [95% CI 0.702 to 0.722] in our independent testing set (Table 3).  Subgroup analysis by age group (born before or after 1947) and men and women separately showed overall higher discrimination in younger age group than older age group and higher in women than men (Table 2). Use of the polygenic and polyexposure risk scores in the model was 0.802 [95% CI, 0.794 to 0.81], which additively approaches that of the clinical risk score model (C statistic, 0.857 [95% CI, 0.782 to 0.798]). Addition of PGS or PXS increased the C statistics to 0.863 (95%CI, 0.0.856 to 0.870) or 0.865 (95%CI, 0.858 to 0.872), respectively. Use of all three types of scores simultaneously, the PRS, PXS, and CRS increased the C statistic to 0.875 (95% CI, 0.869 to 0.881), suggesting  thatsuggesting that the scores have additive value in predicting risk of T2D. 	Comment by Tzoulaki, Ioanna: Still quite good, is this with age and sex or alone?	Comment by Tzoulaki, Ioanna: But minimally additive
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Table 2: Table. C-Statistics for evaluating performance of CRS, PRS, and PXS  risk models. The performance was evaluated in the full population as well as stratified by age class (born before or after 1947) and sex. C-statistics were based on Cox regression models adjusted for sex, age, asessment center and principal components of ancestry.	Comment by Tzoulaki, Ioanna: How much is age and sex alone?
How much is age and sex plus PRS or PXS?

Using a risk threshold of 17.5%, the PXS model significantly improved T2D classification accuracy compared to PGS model (NRI 0.074 [95% CI, 0.044 to 0.097]).  Adding PGS and PXS to clinical risk factors improved classification accuracy (NRI 0.131 [95% CI, 0.063 to 0.267]) to a similar extent as adding PXS alone (NRI 0.129 [95% CI, 0.070 to 0.260]). Adding PGS alone to CRS did not improve the classification accuracy significantly (NRI 0.055 [95% CI, -0.008 to 0.187]) (Figure 3). Our results are supported by a recent study which reported a modest C index change of 0.01 when PRS added to clinical risk scores, and a NRI of 0.048 with 33% as risk cutoff7. Taken together, our results suggest that polygenic risk score offered little to no improvement in T2D risk discrimination and reclassification of individuals to a higher or lower risk category using a predicted 6-year event rate treshholdthreshold of 17.5%, while polyexposure risk score has much more clinical utility. These results were generally upheld over a range of risk thresholds (Supplementary Figure 4).  	Comment by Tzoulaki, Ioanna: How did you come up with this?
	Comment by Tzoulaki, Ioanna: I think reclassification is difficult here as we do not have a threshold that we use in clinical practice. Maybe do the continuous NRI and show a figure of probability changes like we have in Figure 4 in JAMA paper 
[image: ]
Figure 3: Reclassification of Predicted Type 2 Diabetes Risk. The reclassified predicted risk with addition of polygenic risk score (PGS) (top left), polygenic risk score (PXS) (top right), or PGS+PXS (bottom left) to clinical risk score (CRS) model, and PXS versus PGS models (bottom right) using using threshold of 17.5% risk. The numbers refer to the counts of individuals in each risk group. For example, in the top right figure, among the 2314 T2D events, with the addition of PGS in the model, 278 were correctly up classified and 126 were incorrectly down classified. Thus the net proportion of correct classification for events is (278-126)/2314= 0.0657. Similarly, among the 76978 T2D nonevents, with the addition of PGS, 1051 were correctly down classified and 221 were incorrectly up classified. Thus the net proportion of correct classification for non-events is (221-1051)/76978=-0.01078. The overall net reclassification improvement (NRI) is the sum of the net reclassifications for events and nonevents, eg. 0.0657-0.0107=0.055

[bookmark: _ox6uuk39yrm0]
DISCUSSION
T2D is well recognized to be due to a combination of genetic and environmental exposure factors. However, while thousands of genetic loci have been identified to be associated with complex diseases, nothing comparable has been executed for environmental exposures. Studies on exposures remain, for the most part, focused on a small set of exposures at a time without much consideration for dense correlation between exposures. Furthermore, a study assessing clinical risk factors with genetic and exposure risk score for T2D has not previously been performed at this scale. 
In this study, we directly compared the predictive accuracy and discriminatory abilities of the polygenic, polyexposure, and clinical risk scores for T2D. We term the polyexposure risk score (PXS) for T2D which, analogous to PRS that is estimated from GWAS summary statistics, can be derived from multivariate XWAS summary statistics. The T2D PXS encompases information from 19 independent indicators of alcohol, air pollution, diet, income, physical activity, sleeping habits, smoking and facial aging. All exposures except driving time, allowance,  diet changes, and facial aging have previously been shown to be associated with T2D 5,10–20. Except for water intake, associations with all other exposures demonstrate the same general direction of effect. The relationship between alcohol consumption and T2D is complex, with evidence suggesting that modest alcohol consumption reduces risk of T2D, while high consumption and binge drinking increases risk in women 20. Our multivariate PXS model suggests a negative correlation between alcohol consumption and T2D. However, there is likely bias due to the categorical nature of the  response: the highest category was “daily or almost daily” with no specification of amount.  The novel associations, driving time, diet changes and facial aging, with T2D may be indicators of other phenotypes such as physical activity, general health, and biological age and should be investigated further. While a few T2D predictive models have been suggested which included lifestyle variables in addition to clinical risk scores, most have only examined only a single or a few exposures at a time21–26. For example, the German Diabetes Risk Score includes physical activity, smoking, and consumption of red meat, whole-grain bread, coffee, and alcohol in addition to clinical risk factors22. Our T2D PXS incorporates these lifestyle variables but also additional markers with even higher predictive power.	Comment by Tzoulaki, Ioanna: Or bias die to the fact that people at risk of diabetes had already lowered their alcohol intake
Polygenic and polyexposure risk scores for T2D were signficantlysignificantly correlated with one another. However, the polyexposure risk score offers much greater improvements in T2D prediction and risk stratification. Using the NRI, we deteremineddetermined the T2D risk discrimination and reclassification of middle-aged white individuals to a higher or lower risk category using a predicted 6-year event rate treshholdthreshold of 17.5%. The addition of PGS to CRS had little improvement (NRI 0.055 [95% CI, -0.008 to 0.187]), while adding PGS provided a clear improvement in classification accuracy (NRI 0.129 [95% CI, 0.070 to 0.260]). This supports the paradigm that the exposome, which refers to the totality of environmental (non-genetic) exposures, play a large role in T2D 9,27,28. In addition to the improved accuracy of the polyexposure risk score compared to the polygenic risk score, it is simple and non-invasive and has the potential to be easily translated for clinical care.	Comment by Tzoulaki, Ioanna: Careful not to mix causality with prediction, we investigated here the predictive ability (it may not lay a causal role but it could be a great predictor)	Comment by Tzoulaki, Ioanna: One could claim that the GRS is much more simple, measured at birth, cheap, uncomplicated with no measurement error,  needs more discussion here

 One of the most significant challenges in observational exposure studies is the deduction of  direction of causality or potential confounding variables. By selecting only individuals with no incident T2D when exposures were measured, we can more confidently report the exposures as conferring risk of T2D. However, confounding and model misspecification is hypothesized to occur at a higher rate in non-genetic vs. genetic studies29. For example, it is possible that the significant associations of the response “Major dietary changes in the last 5 years: Yes, because of illness” is explained by another illness (comorbidity). Further, while easy to measure, some of the exposures considered included self-reported variables, such as diet, which may be prone to measurement error and recall bias30. If these errors occur at random across all variables considered in the PXS, the association sizes and PXSs will be diluted. If, on the other hand, individuals in the cases versus controls report their intakes differently, the PXSs will also be directionally biased. It is less clear how PXS will be affected if the types of the errors are different (both random and differential with respect to the exposure or disease) across the variable inputs. Further analysis using methods like Mendelian randomization may address confounding and reverse causality at biobank scale31 for individual indicators, but these issues will need to be evaluated for groups of exposure factors as well.	Comment by Tzoulaki, Ioanna: Confounding not relevant to prediction research – see comments above

We only considered exposure variables if they contained less than 10% missing data. Increasing data completeness of variables, or imputing exposure information, would be valuable to eventually employ machine learning techniques for modeling. We included the responses “Do not know” and “None of the above” for categorical responses in our exposure study, as we believed these responses may code additional information and that the removal of individuals who did not know an answer would bias our findings. However, we found that many of these responses were not significant in either XWAS or post-stepwise variable selection. Still, we included all responses of an exposure variable for PXS derivation if at least one of the responses of the variable was significant in order to provide an accurate reference group for each categorical response.
An inherent challenge to environment/non-genetic and genetic studies is that they are often examined in isolation. For example, genetic and exposure factors may be correlated, a phenomenon known as “gene-environment correlation”. To this end, we found that PXS and PRS had a modest but significant correlation with each other. It is hypothesized that the gene-environment interaction plays a large role in T2D32, but its effect on phenotypic variation is widely debated 33,34. Further analysis is needed to elucidate the relationship between environment, genetics, and their interactions 35–37. 
Because the UKB consists of primarily individuals with European ancestry, we limited our analysis to only participants of white British ancestry. It is difficult to extrapolate these results to other ethnic populations; Martin et al. showed that polygenic risk scores derived from European GWASs were biased when applied to more diverse populations38. Furthermore, exposure disparities, such as socioeconomic status39, education attainment39, pollution40, and smoking41, are correlated with ethnicity. Therefore, there is a clear need for more diverse populations in both genetic42 and environmental exposure studies. A few notable studies exist or will be available in the future, such as the Malaysian Cohort Study43, All of Us Project44 and Kadoorie Biobank45. To capture the comprehensive variation of environment and genetics in diseases -- and to test the utility of precision medicine -- investigations in other populations will be instrumental.  

[bookmark: _fidqr66f4648]CONCLUSIONS
We introduce the polyexposure risk score as a valuable tool for T2D prediction and risk classification. When added to well established clinical risk factors, the polyexposure risk score had significant improvements in T2D predictive accuracy and reclassification, whereas the polygenic risk score provided little to no improvements. 

[bookmark: _cjc5clqcqqoz]METHODS
[bookmark: _6lwekbqkevcr]Study Participants 
The UK Biobank (UKB) is a biobank of UK participants to examine the role of genetics and environmental exposures in human health46. The UKB resource comprises 502,655 participants between 40-69 years of age at the time of recruitment between 2006 and 2010. Participants attended one of 22 assessment centers across England, Scotland, and Wales, where they completed touchscreen and nurse-led questionnaires, had physical measurements taken, and provided biological samples. The study collected extensive data from questionnaires, interviews, health records, physical measures, biological samples, imaging as well as genome-wide genotype data. Additional genotypes were imputed using the Haplotype Reference Consortium data as the main reference panel, increasing the number of testable variants to 96 million47. UKB also collected information on individual background and lifestyle, cognitive and physical assessments, sociodemographic factors and medical history. UK Biobank has ethical approval from the NHS National Research Ethics Service. All participants provided informed consent. 
Since the existing T2D polygenic risk score was derived from individuals with white European ancestry, our analysis was also restricted to white Europeans based on self reported race. The study populations was divided into (1) a training set for selecting exposure variables and optimizing weights of clinical risk factors; (2) a tuning set for optimizing weights of polyexposure risk score calculation; and (3) a testing set for evaluating model performances. The three population groups had no overlapping individuals and were roughly equal in size. 
[bookmark: _a1q6aj304d9]Phenotype
UKB contains self reported data during an interview with a trained nurse as well as International Classification of Diseases (ICD-10) diagnostic codes recorded across all episodes of hospital visit. T2D cases were defined as having an ICD-10 code of E11.X or having self reported T2D in interview. We considered only cases in which the individuals did not have T2D during the first assessment visit period (2006-2010) but were subsequently followed up for incident T2D events.	Comment by Tzoulaki, Ioanna: UKB has also HbA1c levels at baseline. If you used those for prevalent T2D you would exclude a lot more – this will come up as a comment

The primary clinical risk factor analysis examined sex, age family history, BMI, glucose level, systolic blood pressure, HDl, and triglyceride during the first assessment visit period. The binary family history variable was defined positive if either the mother or the father had T2D and negative if otherwise.	Comment by Tzoulaki, Ioanna: You need more justification here on which clinical risk factor model you used (how you selected this among others) 
[bookmark: _ya9xe4wv0428]Poly-genic Risk Score
To calculate the poly-genetic risk (PGS), we used weights developed by Khera et al. (downloaded from http://www.broadcvdi.org/informational/data)6 based on summary statistics from a meta-analysis of GWAS data from individuals of European ancestry48. In summary, Khera et al. generated a set of candidate scores using various SNP-selection methods for white European participants in the UK Biobank and evaluated the scores based on the maximum AUC. The study found that the best score consists of 6,630,149 SNPs and was created using LDPred, an algorithm with a linkage disequilibrium SNP-reweighting approach. With the weights, we calculated the PGS of individuals in our testing set using the built in allelic scoring procedure of PLINK (--score)49. PLINK takes the sum of the number of each reference allele multiplied by the weighted coefficient of the allele across all alleles.	Comment by Tzoulaki, Ioanna: OK I see, I have previously commented on why not using LD pred. I see that you have used the LD pred here form Khera. This is OK. The only problam is that there might be sample overlap as they used UKB to generate. I do not think it would make a lot of a difference here. 
Alternatively you can tune the PRS in the training set and do LD pred form scratch or lassosum
[bookmark: _pe2zxp2a976u]Poly-exposure Risk Score
We classified initial exposure variables as indicators of physiological state, environmental exposure and self-reported behavior collected during the first assessment visit period (2006-2010). These were variables in the categories ‘Reception’, ‘Employment’, ‘Sociodemographics’, ‘Lifestyle and environment’, ‘Estimated nutrients yesterday’, ‘Early life factors’, ‘Typical diet yesterday’, ‘Meal type yesterday’, ‘Spreads/sauces/cooking oils yesterday’, ‘Alcoholic beverages yesterday’, ‘Hot/cold beverages yesterday’, ‘Cereal yesterday’, ‘Milk/eggs/cheese yesterday’, ‘Bread/pasta/rice yesterday’, ‘Soup/snacks/pastries yesterday’, ‘Meat/fish yesterday’, ‘Milk/eggs/cheese yesterday’, ‘Vegetarian alternatives yesterday’, ‘Fruit/vegetables yesterday’, ‘Residential air pollution’, ‘Residential noise pollution’. There were 206 unique variables in total. From these, we considered only the variables that had data for >90% of the participants as potential correlates (referred to as ‘factors’). There were 101 variables that remained. We considered categorical responses of “Prefer not to answer” and continuous responses of -10,-3, and -1 missing data, which were removed from regression analysis at each stage of the exposure analysis. 	Comment by Tzoulaki, Ioanna: Wondering about biomarkers data – but maybe too much to add now

Analogous to PGS, PXS can be calculated using summary statistics from exposure wide association study (XWAS)9,50. We first conducted XWAS in the training set in which we associated each of 96 non-genetically measured environmental exposure, physiological state, and self-reported behavioral factors with the disease while adjusting for age, sex and first 40 principal components. Specifically, we modelled each of the factors as an independent variable, and T2D (case/control) as the dependent variable while adjusting for covariates in 96 separate logistic regression models. To maximize sample size, we removed individuals with missing data for each prior to running its regression model. The sample size for each association study can be found in supplementary table X.  We used the Benjamini-Hochberg False Discovery Rate (FDR)51 and deemed an FDR adjusted p-value of < 0.05 as significant. Variables that had at least one significant response were retained. 	
To minimize statistical interaction of the exposure variables, we used lasso regression for variable selection from significant XWAS variables. Lasso is a type of linear regression that uses shrinkage and selection to enhance prediction accuracy and interpretability of a model52. More specifically, we begin with a logistic model of T2D with the lasso selected variables and age, sex and PC 1:40 as covariates. We then progressively remove variables based on their association until only independently significant variables remain in the model. The coefficients of categorical variables represent the difference in effect of each class to the reference class. These coefficients were retained for the PXS calculation. Individuals with missing data in any of the remaining exposure variables were removed from group C.
[bookmark: _ukytku52v9qr]Statistical Analysis
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