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Abstract:

Background and Aims:

Diabetes mellitus (DM) is known to be associated with Pancreatic ductal adenocarcinoma
(PDAC), particularly, new-onset DM (NODM). Others have developed polygenic risk scores
(PRS) associated with PDAC risk. We aimed to compare the performance of these PRS in an
independent cohort to determine if they can discriminate between NODM and long
standing DM (LSDM) patients with PDAC.

Methods:

Cases (1,042) and matched cancer free controls (10,420) were drawn from the UK Biobank.
Five PRS models were calculated using single nucleotide polymorphisms (SNPs) from
previous studies (Nakatochi, Galeotti, Molina, Jia and Rashkin) and a combination of these.
Regression models were used to assess the association between PDAC and PRS adjusted for
ancestry, smoking, DM, waist circumference, and a family history of digestive cancer.
Receiver operator characteristic (ROC) curves and the area under the curve metrics (AUC)
were used to assess the performance of each PRS for classifying PDAC risk.

Results:

The combined PRS model achieved the highest AUC (0.605), and significantly improved a
clinical risk model in this cohort (AUC=0.83, P =0.0002). Individuals within the 5 quintile
have a 2.74-fold increased risk of developing PDAC versus those in the 1t quintile (P
<0.001), and have a 3.05-fold increased risk of developing PDAC if they have DM versus
those without DM (P <0.001). The positive predictive value (PPV) was 11.9% in participants
without DM, 23.9% with LSDM and 86.7% with NODM.

Conclusions:



The PDAC related common genetic variants are more strongly associated with DM. This PRS

has the potential for targeting individuals with NODM for PDAC secondary screening

measures.
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Introduction:

Pancreatic Ductal Adenocarcinoma (PDAC) is considered to have the worst cancer survival
outcome due to the lack of effective strategies directed at early detection . The
overwhelming majority of PDAC patients have locally advanced disease or distant metastasis
at presentation and only a minority of patients are surgically resectable with curative intent
2, Improvement of survival is heavily reliant on the development of innovative early
detection and novel treatment strategies 3. As treatment options for patients with
resectable cancers continue to improve, including availability of multimodality neoadjuvant
therapy 4, and more potent adjuvant regimens >, a “stage shift” from the current 10-15%
resectable proportion to 50% or greater will unequivocally lead to improved survival in this
disease. The possibility of a population-wide pancreas screening programme is not viable at
this point and unlikely to be available for the foreseeable future due to the relatively low
prevalence of PDAC cases in the general population.

There is a list of symptoms recognised as suggestive of PDAC, such as weight loss, new-
onset diabetes mellitus (NODM) in people older than 50 years ® or non-specific gut
symptoms ’. These inconsistent symptoms mean public health awareness may not be as
effective in aiding early detection. A strong family history has recently been identified as an
indication for surveillance by the National Institute for Clinical Excellence (NICE) 2. Whereas
developments in genetic testing and screening programmes have reduced the burden and
death toll of breast cancer, these techniques have not yet been well developed in PDAC 8°.
Thus, efforts should be focused on developing robust tools for recognising individuals at a
high-risk of PDAC, allowing improved potential for monitoring or secondary screening. To
date, genetic research on factors associated with PDAC has been limited to rare monogenic,

high penetrance genetic syndromes associated with this disease in high-risk families, whilst



more frequently occurring, but low penetrance, single nucleotide polymorphisms (SNPs)
have been less well studied.

Genome wide association studies (GWAS) and meta analyses have identified new PDAC
associated SNPs 1913, A method for translating GWAS results into a clinically useful tool is
through the construction of polygenic risk scores (PRS) or risk models. A recent study #
investigated a PRS for pancreatic cancer within the UK Biobank using 22 PDAC associated
SNPs within 432 cases recorded by the national cancer registry. The PRS was predictive but
did not consider all of the risk SNPs identified by previous GWAS and was not integrated
with the phenotypic or lifestyle factors associated with PDAC. There is a lack of clinical risk
model analysis on prospective cohorts based on genetic predisposition. In this study, we
generate several PRS models using PDAC risk associated SNPs from three published risk

14-16 3 large meta-analysis ' and one causal analysis *” between PDAC and diabetes

models
mellitus (DM) and assess their performance in a prospective cohort of patients, the UK

Biobank. The most predictive model is integrated with epidemiological risk factors and its

clinical utility is explored in patients with and without DM.



Materials and Methods:

Study Design and Population

The UK Biobank is an ongoing population-based cohort study which aims to improve the
prevention, diagnosis and treatment of a wide range of diseases. Extensive genetic and
clinical data have been collected for approximately 500K participants from across the UK,
aged between 40 and 69 at the time of recruitment in 2006-2010. The design, data
collection and processing are described in detail elsewhere 1819,

Our analysis was restricted to PDAC patients and cancer free controls who were identified
using the International Classification of Diseases codes (ICD version 10 and 9) that were
recorded by the national cancer registry, hospital admissions and cause of death. Additional
PDAC cases were identified using self-reported cancer and operative procedures. The PDAC
disease ascertainment and the data fields used are illustrated in supplementary table 1.
PDAC cases were considered prevalent if diagnosed before study entry and incident if
diagnosed after study entry or without a date of diagnosis if identified by mortality alone.
Since we are measuring clinical exposure in addition to genetic profile only incident cases
were used for analysis. To prevent bias from analysing heterogeneous molecular subtypes,
patients diagnosed with neuroendocrine tumours (8150=Islet cell carcinoma;
8246=Neuroendocrine carcinoma) were excluded.

To select age and sex matched cancer free controls, we used the Matchlt package in R 2°
based on a nearest neighbour method with a 1:10 case control ratio in accordance with
previous studies 2*.

Patients with DM, were identified among cases and controls. Patients with DM were further
stratified by type (1 or 2), assuming that participants with unknown type and onset ages

greater than 35 were of type 2 diabetes mellitus (T2DM). Finally, particpants with T2DM



were split into cases of new onset DM (NODM) and long-standing DM (LSDM) using the
following criteria: NODM if diagnosed within 24 months before or after diagnosis of PDAC
cases or within 24 months of last follow up or death for controls; LSDM if diagnosed more
than 24 months before diagnosis of PDAC or more than 24 months before last follow up or
death for controls. A first-degree family history of either DM or digestive organ cancer was
ascertained through a baseline study questionnaire and relevant ICD10 code.

Ethics and Consent

The UK Biobank has an ethical board managing any ethical concerns that may arise and is
committed to ensuring high ethical standards throughout the project. All UK Biobank
participants provided informed consent and were able to remove their personal data from
the study at any point in time. Ethical approval for this study was obtained from the North
West Multi-Centre Research Ethics Committee reference number 06/MRE08/65. The
current research has been conducted using the UK Biobank Resource under Application
Numbers 17749 and 35273.

Genotype Data and Quality Control (QC)

We used the imputed genotype data from the UK Biobank which are described in detail
elsewhere®® 19, In brief, blood samples were genotyped in batches at the Affymetrix
laboratories using either the UK BiLEVE array (807,411 SNPs) or UK Biobank axiom array
(825,927 SNPs) which share 95% of SNPs and are therefore highly compatible. Additional
SNPs (~9 million) were imputed using the Haplotype Reference Consortium
(https://www.ncbi.nlm.nih.gov/pubmed/27548312/), the thousand genomes
(https://www.ncbi.nlm.nih.gov/pubmed/23128226/) and the UK 10K
(https://www.ncbi.nlm.nih.gov/pubmed/23128226/) projects. Routine quality control (QC)

was performed by both Affymetrix and UK Biobank to remove poorly genotyped samples or



SNPs. The Biobank QC tested SNPs for batch effect, plate effect, array effect and gender
effect. Departure from Hardy—Weinberg equilibrium (HWE) among controls was assessed
through Pearson’s chi-squared test. Samples were tested by the Biobank QC for genotype
missingness, outlying heterozygosity levels that could not be attributed to admixture or
consanguinity and discordance between self-reported sex and genotype inferred sex.
Finally, samples for which consent had been withdrawn were also removed.

Construction and assessment of Polygenic Risk Scores

Five PRS were calculated using the SNPs from four previous publications which are hereafter
referred to by the first author of each study 417, The Nakatochi, Galeotti, Molina and Jia
PRS models consist of 5, 30, 33 and 22 SNPs respectively which predispose to PDAC. The
fifth PRS, referred to as combined, was generated by combining all of these SNPs with ten
additional SNPs that were associated with pancreatic cancer in a large pan-cancer study 3.
After combining these data, SNPs in strong linkage disequilibrium (LD) were identified using
a matrix of pairwise LD and recommended threshold for LD pruning (r?>0.8) 22. One SNP
from each pair in strong LD with the weakest association with PDAC was removed
(Supplementary table 2). More strict pruning, for example r>>0.5, was not explored as it
would remove informative SNPs from regions with multiple correlated signals that were
included in the published PRS. A total of 49 out of 54 SNPs remained for construction of the
combined PRS. The published effect size, p-value and risk allele for each SNP was sourced
through the GWAS catalogue 23. For SNPs present in two or more studies, the published
effect size from the largest and therefore most powerful GWAS was used. The SNPs, risk
allele and summary statistics used to create each PRS are shown in supplementary table 3
and the pairwise measures of LD are shown in supplementary table 2

The weighted PRS were generated using Plink 24, which applies the following formula:



n
PRS = Z In(OR;) * x;
j=1

Where x is the number of risk alleles carried by an individual for SNP j which is weighted by
the natural logarithm of the SNP’s published effect size In (ORj) and n is the number of SNPs
in the model. PRS were standardised to a mean of zero and standard deviation (SD) of 1 by
calculation of Z score (PRS-mean/SD).

Individual SNPs from the PRS were tested for replication in the UK Biobank using logistic
regression, with disease status as the dependent variable and additively coded SNPs as the
predictor along with covariates for smoking and the first ten genetic principal components
(PC) to adjust for population stratification. Association tests were performed using Plink
V1.9 %%, The power to replicate each SNP in the UK Biobank was estimated using the genetic
power calculator 2° according to the sample size (1042 cases versus 10420 controls) and the
published effect sizes that were used to generate the PRS. The calculation assumed a
multiplicative genetic risk model, a type 1 error rate of 0.05 and a disease prevalence of 15.4
per 100,000.

Statistical analysis

To identify relevant phenotypes that differed between the PDAC cases and cancer free
controls we compared their baseline characteristics. Chi-squared tests were used to
compare categorical features and a student t-test or Mann-Whitney test for continuous
traits depending on their distribution.

The PRS were assessed in several ways. Density plots were generated using ggplot2 in R
(3.6.3) to visualise and compare the distribution of each PRS in cases and controls. Their
predictive performance was quantified using receiver operating characteristic curves (ROC)

and the area under the curve (AUC) metric. Z-tests were used to compare AUCs between



diagnostic models using a paired design %°. To investigate how the predicted risk of disease
varied with increasing PRS, we performed quintile analyses where samples in the lowest PRS
quintile were treated as a reference. Chi-squared tests were used to determine the odds of
PDAC risk in each quintile versus the reference. In addition, Cox regression was used to
determine if the cumulative hazard of developing PDAC varied between each PRS quintile
versus the reference. In Cox regression, follow-up times were taken as the duration
between age at study entry and diagnosis of PDAC. Control participants were censored at
the date of last follow-up or death. Survival analyses were corrected for ethnicity (PC 1-10)
and, in model 1, were also adjusted for smoking (never, current and previous), waist
circumference (cm), DM onset (No DM, NODM, LSDM) and first-degree family history of
digestive cancer (yes/no). To test for differences in association across DM onset, an
interaction term was included for DM onset category (No DM, NODM, LSDM) and PRS
(continuous).

For the clinical risk score, age of participants at recruitment, age when DM was diagnosed,
DM onset (No DM, NODM, LSDM), waist circumference (cm), and first-degree family history
of digestive cancer (yes/no) were included in the model. Age at DM diagnosis and DM onset
were tested for collinearity defined as a variance inflation factor above 10. Inclusion of the
PRS to the clinical score model was assessed using ROC and by comparing the AUC with
those from PRS alone using a Z-test.

To test for differences in association with respect to DM, additional subgroup analyses were
performed in participants with and without DM and with either NODM or LSDM, and were
restricted to the most predictive combined PRS model. Cox regression analyses were
performed as described above with the exception that DM status was not included in the list

of covariates. The mean cumulative hazard ratios were plotted along with their 95%



confidence intervals in each subgroup (No DM, DM, NODM and LSDM) and stratified by the
combined PRS quintile. Finally, overall associations with PDAC per standard deviation of the
combined PRS were determined using logistic regression with adjustment for PC (1-10).
Sensitivity, specificity and positive predictive values (PPV) associated with combined PRS at
the 5™ quintile were calculated by cross tabulation of the PRS with case-control outcome
and confidence intervals for proportions obtained.

Two-sided P-values less than 0.05 were regarded as statistically significant despite testing
five PRS as these model are highly correlated due to using many of the same SNPs
(Supplementary table 3). Statistical analyses were conducted using R software version

3.6.3.and SPSS v 27.0.



Results:

Sampling

At the time of analysis, 1,611 PDAC cases were identified with genotypic and phenotypic
data which included 1,059 incident cases. Seventeen of the incident PDAC cases were
diagnosed with neuroendocrine tumours and therefore excluded leaving 1,042 cases for
analysis. A total of 325,379 unrelated individuals without any cancer diagnosis were used to
generate the matched control cohort which consisted of 10,420 controls and an average
standard mean difference of zero after matching for both age and sex (Supplementary
figure 1).

Demographics

The mean age of PDAC cases and cancer free controls at recruitment was 61.3 years and
their ethnic backgrounds were similar (P =0.816). The mean duration of follow up time from
recruitment was 109 months (range 0-166 months). A first-degree family history of
digestive organ cancer was reported in 15.4% of cases and 12.6% of controls (P =0.01).
Smoking history was missing in 0.9% of cases which, as a whole, had a higher proportion of
current smokers (15.8%) compared to controls (8.7%) (P <0.001). Similarly, DM was more
frequently observed in PDAC cases (24.1%) than in controls (9.2%) (P <0.001). PDAC cases
had a higher average body mass index (BMI) and waist circumference (measured at
recruitment) compared to controls (P <0.05) although these differences were subtle and
therefore unlikely to be clinically significant (Supplementary table 4).

Clinical risk model

As expected, we observed statistically significant associations between smoking, DM and
PDAC risk (HR=2.2, 95% Cl 1.845-2.64, P <0.001 for current smoking, and HR=2.66, 95% ClI

2.35-3.06, P <0.001 for DM). The risk of PDAC varied depending on the age when DM was



diagnosed, participants diagnosed with DM at 60 years of age and older have a 1.33 times
higher risk of developing PDAC compared to participants diagnosed with DM at younger
than 60 years (P =0.027), and more than 3 times higher risk compared to participants with
no DM (HR=3.32, 95% Cl 2.80-3.93 P <0.001). Participants with a waist circumference of
more than 100 cm and reported first-degree family history of digestive organs cancer have a
higher risk of developing PDAC (HR=1.2, 95% CI 1.04-1.36 and HR=1.19, 95% CI 1.00-1.40
respectively P <0.05). Alcohol drinking status and first-degree family history of DM did not
show a correlation with PDAC risk in the UK Biobank cohort (Supplementary Table 5).

The variance inflation factor for age DM diagnosed and DM onset was 1.083 with a
tolerance of 0.919, suggesting that there was no collinearity between the two variables.
Therefore, the clinical risk model included both age DM diagnosed and DM onset. The
resulting clinical risk model achieved an AUC of 79.1% (95% CI 75.4-82.7) (Figure 1).
Polygenic risk scores

Five PRS were constructed to predict the risk of developing PDAC. Density plots of the
resulting scores showed that for each PRS model there is a clear shift in the PRS distribution
towards higher scores in the PDAC cases compared with the matched cancer free controls.
We looked at the predictive accuracy of each PRS model and their association with PDAC
risk using ROC and quintile analyses (Supplementary figure 2). The AUC observed in the
combined PRS model 60.5% (95% Cl 58.7-62.3) was significantly higher than the Nakatochi
PRS (P =8.9x108) and showed a trend towards superiority compared to the other PRS
models (Galeotti, Molina and Jia) (P >0.05). The odds of having PDAC for participants in the
5t quintile in the combined PRS was 2.9 (95% Cl 2.34-3.59) compared to the first quintile (P
<0.001) and showed a trend of superiority compared to the other PRS models (Nakatochi OR

2.2,95% Cl 1.76-2.75, Galeotti OR 2.59, 95% Cl 2.05-3.21, Molina OR 2.54, 95% CI 2.05-3.14



and Jia OR 2.7, 95% Cl 2.16-3.37) (Supplementary figure 2). Similarly, when comparing the
highest and lowest PRS quintiles using Cox regression, hazard ratios for the Nakotochi model
indicated a 2 fold increased risk of PDAC (HR 2.09, 95% Cl 1.69-2.60), 2.5 fold higher utilising
the Galeotti and Molina models (HR 2.53, 95% Cl 2.06-3.11 and HR 2.47, 95% Cl 2.02-3.04
respectively), and 2.7 fold higher (HR 2.71 ;95% Cl 2.19-3.35) for the Jia PRS model. The
combined PRS model was associated with a 2.8 fold increased hazard of developing PDAC in
the 5th quintile compared to the 1st (HR 2.83 95%Cl 2.31-3.48). Similar results were
generated in the multivariable analyses, which is adjusted for smoking, waist circumference,
DM and first-degree family history of digestive cancer in addition to the first 10 PC (Table 1).
The combined PRS continued to have a trend towards higher association with PDAC risk in
the top versus bottom quintile (HR 2.74; 95% Cl 2.23-3.37, P <0.001). We found that
associations with risk for PDAC per SD of PRS were significant among participants with DM
and stronger than participants with No DM (P for interaction 0.004). Adjusted survival plots,
stratified by PRS quintiles are displayed in supplementary figure 3 and are consistent with
the hypothesised PRS-related probability gradient across the full age range. Individuals in the
5th quintile expressed a 5% PDAC risk at the age of 65 versus 1.7% PDAC risk for individuals in
the 1°t quintile.

The addition of the combined PRS to the clinical risk model significantly improves the
discrimination ability of the model to an AUC of 83% (95% CI 80-86) (P =0.0002) (Figure 1).
Subgroup analysis

Both cases with DM and without DM showed marked skewing towards higher PRS values
compared with controls (data not shown). Interestingly, we found that association with risk
for PDAC per SD of PRS was significant among participants without DM (OR=1.39 95% ClI

1.29-1.48), with DM (OR=1.67 95% Cl 1.44-1.94), with LSDM (OR=1.87, 95% Cl 1.53-2.29)



and with NODM (OR 1.89 95%Cl 1.28-2.78) (Figure 2). However, the highest AUC was
observed in participants with DM at 64.5% (95% Cl 60.9-68.2) compared to particpants
without DM at 59.4% (95% Cl 57.3-61.4) (P <0.05) (Figure 3). This suggests that the PRS
model is more predictive of PDAC risk in participants with DM compared to participants
without DM. Survival plots from Cox-regression, stratified by DM status, are displayed in
Figure 4. The curves demonstrate higher PDAC prediction by the combined PRS model at the
5th quintile in participants with DM, compared to those without DM (HR 3.05 95% 2.39-3.91,
P <0.001). For individuals in 5™ quintile of the combined PRS, the positive predictive value
(PPV) was 14.4% (95% Cl 13-15.9) for the whole cohort, 11.9% (95% ClI 10.5-13.4) in
participants without DM, 23.9% (95% Cl 18.1-30.3) in participants with LSDM and 86.7%
(95% ClI 73.2-94.9) in participants with NODM. Associated sensitivities and specificities with
correspondent subgroups are shown in Table 2.

The specific evaluation of whether these effects differ by age was underpowered due to
limited numbers of cases with NODM in this cohort. When stratified by age of diagnosis of
DM, there was no substantial difference in the relationship of PRS with PDAC risk (OR 1.63
95% Cl 1.292-2.064; OR 1.54 95% ClI 1.287-1.837) per 1 SD for participants with DM
diagnosed at less than 60 and 60 years or more respectively. A similar association is found
when the cohort was divided by gender and waist circumference (Figure 2).

The predicted PDAC risk after adjusting for PC 1-10, smoking, waist circumference and first
degree family history of digestive organ cancer, was 29.6% (95% Cl 27-32) for participants
with DM and 12.4% (95% Cl 12-12.7) for participants without DM (P <0.0001) when their
combined PRS is within the 5™ quintile. Participants with LSDM and NODM were estimated
to have similar PDAC risk but the statistical power of this comparison is limited by the small

sample size of controls with NODM (Figure 5).



Discussion:

Our study included PDAC cases and matched cancer free controls from the UK Biobank
cohort. A previously published PRS model derived from an Asian cohort 1°, was less strongly
associated with PDAC incidence in this UK based cohort compared with those derived from
European cohorts #1817 that were replicated with similar levels of accuracy. The PDAC risk
associated SNPs from all of these models were then used to construct a novel combined PRS
model for PDAC development with the main focus centred on clinical risk factors. This
combined model produced similar or higher discrimination between PDAC cases and
controls compared to the PRS from individual studies. We demonstrated that a PRS derived
from common genetic variants alone could successfully identify participants at increased
risk of PDAC, particularly among individuals with DM. In addition, the inclusion of the
combined PRS into a risk model consisting of traditional clincal features improved the
discrimination ability of the clinical risk model. The PPV for the combined PRS to predict
PDAC was higher in participants with NODM, than with LSDM and without DM.
Furthermore, the predictiveness of the combined PRS was related to DM status, with
improved performance in participants with DM.

GWAS have emerged as a powerful, hypothesis-free approach to identify common alleles
that influence disease risk. In recent years a number of SNPs convincingly associated with
PDAC risk have been reported 27?2, The development of PRS to evaluate the overall
predictive power of common risk loci for PDAC has previously been carried out >/,
however, to date no study has looked at the discriminatory ability of polymorphisms on
various types of DM associated with PDAC. Three studies examined the association of
susceptibility variants between T2DM and PDAC 2731, without finding any significantly

associated T2DM-related variant with PDAC risk. In the Molina-Montes 7 study, they have



elucidated that LSDM is not causally linked to PDAC, whereas PDAC may cause NODM, if the
influencing effects of body weight are ruled out. A caveat to using the same SNPs and effect
sizes from these studies is that they were determined from GWAS that were not specific to
DM. An adequately powered GWAS analysis specific to PDAC with DM is yet to be
performed. Although our PRS positively identifies those at heightened risk of PDAC with DM
and less predictive of PDAC without DM, there is still room for improving its discriminatory
accuracy. Furthermore, these results suggest possible functional inter-relationships
between inherited variation in genes important for pancreatic development, diabetes and
PDAC risk.

Our findings on the observational association between DM and PDAC risk are similar to
previous studies which demonstrated a doubling of PDAC risk in people with T2DM 3233, In
concordance with others 173435, NODM was highly associated with PDAC. Although we have
noted that the number of NODM cases in the control group is low, this finding was also
reported by Molina-Montes /. A possible explanation for the low incidence of NODM cases
is that individuals in the control group may have undiagnosed diabetes. In UK biobank this
may correspond to development of DM after recruitment which passed unnoticed despite
linkage to national Hospital Episode Data (HES).

Our study highlights the potential utility of a PRS in PDAC risk stratification in the general
population and particularly in people with DM. This may facilitate early cancer detection in
this population which currently lacks consistent recommendations for early detection. The
benefits of this study lie in utilising PRS to enrich PDAC prevalence in people with DM and
make further clinical imaging investigations cost effective. This will need to be provenin a
prospective clinical study with a specific aim at PDAC diagnosis.The PRS discrimination

between cancer and controls alone is limited and unlikely to be usable clinically on its own.



The strengths of this study are based around the dataset. The UK Biobank is a prospective
cohort of patients which reduces the risk of confounding bias. The blood samples and
genotyping has been produced prior to incident PDAC. The combined model allowed the
largest number of SNPs in a PDAC risk model to be tested. The results at the highest and
lowest risk ends were significant which will be the areas of interest most useful for a clinical
model.

There are limitations with this study: the UK biobank cannot be considered a representation
of the UK population as the participants are a health-conscious, educated cohort of
individuals. In addition, the UK Biobank cohort enrolled participants older than 40 years of
age, therefore, a younger population is not represented in this cohort. However, PDAC is
very rare incident in people under the age of 40 3°. Overall, the UK Biobank mainly
represents European ancestry, meaning further studies into the effect of these SNPs on
other ancestries is necessary. Subgroup analysis related to anatomical position of the cancer
in relation to pancreas was not possible due to limited number and accuracy of coding in
relation to cancer position. Weight loss concurrent with diagnosis of DM has been suggested
as a clinical marker for PDAC associated DM, unfortunately this piece of data was not
recorded by the UK Biobank cohort.

Further to this study it would be useful to identify and include additional PDAC risk SNPs in
the model. Therefore, further studies are needed in order to reach similar numbers of risk
associated SNPs as other cancers, where models have been constructed from hundreds of
risk associated SNPs %37, improving the potential for stronger significance and AUC figures.
Additional SNPs could be found by performing a GWAS for PDAC risk related SNPs on UK
Biobank data. This can also test whether the results presented in this paper are replicated

and provide an opportunity to examine SNPs related to DM to see if they are able to



discriminate between de novo and pancreatogenic DM. Further analysis of UK Biobank

blood samples to identify other omic factors that may predict PDAC is highly recommended.
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Figures Legends:

Figure 1: Receiver operating characteristic (ROC) curves and area under the curve (AUC)
metrics for overall accuracy of the clinical risk (CR) model *; solid gray line, compared to CR
model after addition of the combined PRS to the model; solid black line (P =0.00019). Cl;
Confidence Interval, PRS; polygenic risk score.

* Model included; age of participants at recruitment, age when DM diagnosed, DM onset
(No DM, NODM, LSDM), waist circumference (cm), and first-degree family history of
digestive cancer (yes/no).

Figure 2: Subgroup analysis, forest plot shows association between standardised PRS and
PDAC risk. Logistic regression for case control status against standardised PRS adjusted for
principal components (PC 1-10) within sample subsets defined by age, gender, waist
circumference and diabetes mellitus (DM), LSDM; Long-standing DM, NODM; New-Onset
DM, DM<60; DM diagnosed at less than 60 years, DM > 60; DM diagnosed at or more than
60 years. Data shown odds ratio (OR) and 95% Confidence Interval (Cl).

Figure 3: Receiver operating characteristic (ROC) curves and area under the curve (AUC)
metrics for overall accuracy of PDAC prediction by combined PRS in diabetes mellitus (DM)
subgroups. Individuals without DM; sold gray line, Individuals with DM; solid black line. CI;
Confidence Interval.

Figure 4: Absolute risk estimates for PDAC diagnosis by combined PRS quintile among
individuals in the UK Biobank Cohort adjusted for principal components (PC 1-10), smoking,
waist circumference and first degree family history of digestive cancer, stratified by diabetes
mellitus (DM) status (A) Individuals without DM (n=10251); (B) Individuals with DM
(n=1211). Hazard ratio (HR) 3.05 ( 95% Cl 2.394-3.906) comparing participitants in 5

quintile with and without DM (P = 3.63 E-19).



Figure 5: Adjusted PDAC risk as obtained by cox regression hazard estimates in UK Biobank
participants by combined PRS quintiles, stratified by diabetes mellitus (DM) status (yes/no)
(A) and onset of DM (B) prior to censor time. Risk estimates are means with 95% Confidence
intervals. The combined PRS is more predictive of PDAC in participants with DM. LSDM;
long-standing DM, NODM; New onset DM. Models were adjusted for principle components
(PC1-10), smoking, waist circumference and first degree family history of digestive organ

cancer.

Supplementary Figure 1. Selection of cases and cancer free controls from the UK Biobank
cohort.

Supplementary Figure 2. PRS distribution and performance according to Receiver operating
characteristic (ROC) and quintile comparisons. (A) Density plots showing distribution of
standardised PRS among PDAC cases and cancer free controls. (B) ROC curves and area
under the curve (AUC) metrics for overall accuracy of PDAC prediction by each PRS. (C) Odds
ratio (OR) estimates: Quintile plots showing PDAC risk in each quintile versus 1t quintile.
Supplementary figure 3. Risk estimates for PDAC diagnosis by PRS quintile.

Cox regression adjusted for principal components (PC 1-10), smoking, waist circumference,
diabetes mellitus status, first degree family history of diabetes, first degree family history of
digestive cancer among individuals in quintile 1 to 5 for each PRS (Reference=1). Censored
at date of death or last register follow up (01/02/2018). Time = duration between age at
study entry to PDAC diagnosis or, for censored participants, date of death or last follow up

in register.



Table Legends:

Table 1: Association between genotype scores and risk of PDAC in UK Biobank cohort (case
control 1:10 matched for age and sex). Polygenic risk scores (PRS) were calculated using the
SNPs from four previous publications which referred to by the first author of each study The
(Nakatochi, Galeotti, Molina and Jia) **'”. Combined PRS was generated by combining all of
the SNPs from aformentioed studies with additional SNPs that were associated with
pancreatic cancer in Rashkin meta-analysis 3.

Hazard ratio (HR): PDAC risk among individuals in quintile X versus 1, adjusted for principal
components (PC 1-10)

* model 1; adjusted for smoking (Categorical) Waist Circumference (cont.), DM
(No/LSDM/NODM), family history of digestive cancer (Yes/No).

** p value for interaction produced by adding interaction term between PRS (continuous)
and DM (No DM/LSDM/NODM) in model 1. DM; Diabetes Mellitus; NODM New-onset

diabetes mellitus, LSDM long-standing diabetes mellitus.

Table 2: Associated sensitivity/specificity and positive predictive value (PPV) with 95%
Confidence Intervals (Cl) for the prediction of PDAC in UK biobank cohort with subgroups of
DM. the value associated with participants within 5" quintile of combined PRS . DM;
Diabetes Mellitus; NODM New-onset diabetes mellitus, LSDM long-standing diabetes

mellitus.



Supplementary table 1: Data fields and ICD (International Classification of Disease) Codes
used for identification of PDAC and diabetes in the UK Biobank cohort.

Supplementary table 2: SNPs removed due to Linkage Disequilibrium (LD).

threshold for linkage disequilibrium was r2>0.8. All SNPs on the left were kept.
Supplementary table 3: SNPs used to create PRS, * SNP with risk Allele difference
Supplementary table 4: Baseline general characteristics of the study population, PDAC cases
and cancer free controls (Age/Sex matched).

PDAC; Pancreatic ductal adenocarcinoma, DM; Diabetes Mellitus; NODM; New-onset
diabetes mellitus, LSDM; long-standing diabetes mellitus

DM status:

Type 2: includes diabetes of unknown type (n=66, 7 cases and 59 controls)

NODM: Defined in cases as type 2 diabetes diagnosed within 24 months before or after
diagnosis of PDAC. Defined in controls as type 2 diabetes diagnosed 24 months before death
or last follow up.

LSDM: Defined in cases as type 2 diabetes diagnosed more than 24 months before PDAC
diagnosis. Defined in controls as type 2 diabetes diagnosed more than 24 months before
date of death or date of last follow up.

Supplementary table 5: Univariable cox regression, association between phenotype
variables and PDAC risk in UK Biobank cohort with 1:10 Case-control (matched for age and
sex). DM; Diabetes Mellitus; NODM, New-onset diabetes mellitus, LSDM, long-standing

diabetes mellitus.
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Zaed Hamady
Dear will, are these numbers correct?, it is 49 in the method section?!

William Tapper
49 out of 54 SNPs were used to make the combined model but the numbers in this table are pairwise measures of LD only (r2) and not p-values. Maybe this related to a different table? Have deleted the sentence. The supplementary tables also have legends in the bottom rows.  
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