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Purpose: Investigating intended or unintended effects of sustained drug use is of high 
clinical relevance but remains methodologically challenging. This feasibility study aims to 
evaluate the usefulness of the parametric g-formula within a target trial for application to an 
extensive healthcare database in order to address various sources of time-related biases and 
time-dependent confounding.
Patients and Methods: Based on the German Pharmacoepidemiological Research 
Database (GePaRD), we estimated the pancreatic cancer incidence comparing two hypothe-
tical treatment strategies for type 2 diabetes mellitus (T2DM), i.e., (A) sustained metformin 
monotherapy vs (B) combination therapy with DPP-4 inhibitors after one year metformin 
monotherapy. We included 77,330 persons with T2DM who started metformin therapy at 
baseline between 2005 and 2011. Key aspects for avoiding time-related biases and time- 
dependent confounding were the emulation of a target trial over a 7-year follow-up period 
and application of the parametric g-formula.
Results: Over the 7-year follow-up period, 652 out of the 77,330 study subjects had 
a diagnosis of pancreatic cancer. Assuming no unobserved confounding, we found evidence 
that the metformin/DPP-4i combination therapy increased the risk of pancreatic cancer 
compared to a sustained metformin monotherapy (risk ratio: 1.47; 95% bootstrap CI: 1.07– 
1.94). The risk ratio decreased in sensitivity analyses addressing protopathic bias.
Conclusion: While protopathic bias could not fully be ruled out, and computational 
challenges necessitated compromises in the analysis, the g-formula and target trial emulation 
proved useful: Self-inflicted biases were avoided, observed time-varying confounding was 
adjusted for, and the estimated risks have a clear causal interpretation.
Keywords: target trial emulation, electronic health data, parametric g-formula, time-related 
bias, time-dependent confounding, type-2 diabetes mellitus

Introduction
Large healthcare databases are frequently used to investigate comparative effects of 
drug use. However, such real-world pharmacoepidemiological studies carry the risk of 
specific biases due to deviation from basic principles of study design. Potential sources 
of time-related biases include protopathic, latency time, immortal time, time-lag, 
prevalent user and depletion of susceptibles biases as well as confounding by 
indication.1,2 Suissa & Dell’Aniello2 compellingly demonstrated the consequences 

Correspondence: Bianca Kollhorst  
Leibniz Institute for Prevention Research 
and Epidemiology – BIPS, Department of 
Biometry and Data Management, 
Achterstr. 30, Bremen, 28359, Germany  
Tel +49 421 21856980  
Email kollhorst@leibniz-bips.de

Clinical Epidemiology 2021:13 1027–1038                                                                    1027
© 2021 Börnhorst et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/ 
terms.php and incorporate the Creative Commons Attribution – Non Commercial (unported, v3.0) License (http://creativecommons.org/licenses/by-nc/3.0/). By accessing 

the work you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. 
For permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).

Clinical Epidemiology                                                                           Dovepress
open access to scientific and medical research

Open Access Full Text Article

Received: 7 July 2021
Accepted: 12 October 2021
Published: 28 October 2021

http://orcid.org/0000-0001-9004-1540
http://orcid.org/0000-0003-2684-7413
http://orcid.org/0000-0001-7804-1740
http://orcid.org/0000-0003-4695-7185
http://orcid.org/0000-0002-1886-2923
http://orcid.org/0000-0001-8587-7706
http://orcid.org/0000-0001-5964-954X
mailto:kollhorst@leibniz-bips.de
http://www.dovepress.com/permissions.php
https://www.dovepress.com


of time-related biases in observational studies and showed 
that the apparent effectiveness of certain drugs often disap-
pears with proper design and analysis of the data. Hernán & 
Robins3,4 proposed the “target trial emulation” with obser-
vational data as a general principle to reduce the risk of bias 
and improve interpretation by specifying an ideal, rando-
mized trial (the target trial).

Time-dependent confounding poses a particular chal-
lenge to pharmacoepidemiological studies. Standard 
regression adjustment gives biased results in the pre-
sence of time-varying confounding if the confounders 
are themselves affected by the exposure,5 e.g., if 
a change in medication is due to a (lack of) improvement 
to earlier medication. Several alternative methods, the 
so-called g-methods, have been proposed to solve this 
problem under certain structural assumptions.5 The 
g-formula allows us to estimate clinically meaningful 
risks of long-term treatment strategies and is more stable 
and efficient than inverse probability weighting (IPW) of 
marginal structural models albeit at the price of more 
modelling assumptions and computational effort.6 In 
situations where treatment switching and non-adherence 
are common, the g-formula enables the estimation of the 
per-protocol effect, i.e., of an idealised intervention 
where all patients perfectly adhered to their strategy 
without loss-to-follow up. G-methods have rarely been 
applied in pharmacoepidemiology which may be due to 
typically insufficient information on time-varying con-
founders but also due a lack of understanding and aware-
ness of tools needed to implement the rather complex 
algorithms.

Here, we present the first application to a large German 
healthcare database of a target trial emulation in combina-
tion with the parametric g-formula. We will explicitly 
address (time-related) biases, feasibility and difficulties 
of the approach. For illustration, we will compare the 
risk of pancreatic cancer incidence in persons with type- 
2 diabetes mellitus (T2DM) under two hypothetical treat-
ment strategies for T2DM.

Research Question for Illustration of 
Methods
In meta-analyses metformin, a first-line oral glucose- 
lowering drug, was found to be associated with 
a reduced risk for cancer incidence in observational studies 
but not in RCTs.7–9 Recently, methodological deficits in 
observational studies based e.g., on administrative 

databases became apparent especially due to time-related 
biases.1,10,11 Today the evidence is strong that metformin 
does neither cause nor prevent cancer.10

Studies regarding novel incretin-based drugs such as 
dipeptidyl peptidase 4 inhibitors (DPP-4i) are still inconclu-
sive concerning a potential causal effect on pancreatic 
cancer.12–15 In a meta-analysis of placebo-controlled rando-
mized clinical trials16 and in an updated meta-analysis17 DPP- 
4i were not found to be associated with pancreatic cancer. In 
contrast, a recent study based on medical treatment/ health 
screening records of 33,208 patients with newly diagnosed 
T2DM found DPP-4i to be associated with pancreatic cancer 
one year after the initial prescription.18 No increasing trend 
with duration of exposure could be detected. Thus, the asso-
ciation might be explained by “reverse causality” as diabetes 
can be an early symptom of undiagnosed pancreatic cancer. 
Similarly, Boniol et al19 reported an association between DPP- 
4i and pancreatic cancer which was found to decrease as early 
as from month 3 to 12 after initial prescription. Yet, it is 
unclear whether DPP-4i cause an increase in pancreatic cancer 
incidence in persons with T2DM or whether observed asso-
ciations are mainly a consequence of certain biases. As the 
follow-up period of available studies is mostly shorter than 
two years, studies with longer follow-up are much needed to 
clarify the issue.

Our research question is therefore to assess the effect 
of DPP-4 inhibitors versus metformin monotherapy on 
pancreatic cancer over seven years of follow-up. 
Specifically, we will compare

(A) a sustained metformin monotherapy over the entire 
follow-up period (first-line treatment) vs

(B) one year metformin monotherapy followed by 
combination therapy of metformin with DPP-4i (second- 
line treatment), in persons with T2DM applying the para-
metric g-formula to the GePaRD database. The treatment 
strategies were chosen according to German guidelines for 
treatment of T2DM20 which recommend to start with 
metformin monotherapy (after trying non-pharmaceutical 
interventions) and to add a second-line treatment in case 
the glycaemic control is still poor after trying metformin 
for 3–6 months. This was adapted to one year metformin 
monotherapy as we analysed the data on a yearly basis.

Patients and Methods
The GePaRD Database
GePaRD is based on claims data from four statutory health 
insurance providers in Germany and currently includes 
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information on more than 25 million persons who have been 
insured with one of the participating providers since 2004 or 
later.21 Per data year, there is information on approximately 
20% of the general population and all geographical regions 
of Germany are represented. For each person, the database 
contains demographic information, information on inpatient 
and outpatient diagnoses and services, and on drug dispensa-
tions (see Supplementary Material 1 for details).

In the current study, a person was considered to have 
diabetes if there was at least one in- or outpatient diagnosis 
code of T2DM (ICD-10 GM E11) or unspecified diabetes 
(ICD-10 GM E14).

Exposure Classification
As explicit information on the prescribed dose is not 
included in GePaRD, the duration of supply was estimated 
for each dispensation of a glucose-lowering drug based on 
the number of dispensed defined daily doses (DDDs), 
multiplied by 1.2 to account for possible lower doses in 
elderly populations.

Metformin and DPP-4i exposure were classified based 
on the proportion of days covered (PDC) in each year and 
considered as time-dependent variables. The person was 
assumed to be treated if a) the PDC was > 0.5, or b) the 
PDC was > 0.25 (but ≤ 0.5) for a certain year and in 
addition > 0.5 for the preceding and succeeding year. If 
a subject fulfilled this definition in one year for metformin 
as well as for DDP-4i, the subject was classified as 
exposed to DPP-4i combination therapy.

Outcome Definition
For the definition of pancreatic cancer we considered 
inpatient diagnoses (ICD-10 GM C25), which are consid-
ered to have a high validity. Patients with no inpatient but 
outpatient diagnosis codes of pancreatic cancer were only 
classified as pancreatic cancer cases if additional criteria 
were fulfilled such as coding of diagnostic examinations 
and death within 6–9 months after diagnosis to avoid 
misclassification. This algorithm was developed based on 
case reviewing and subject knowledge.

Covariates
As baseline covariates we included age, sex, T2DM dura-
tion (days), educational level (0 = no information/no gra-
duation, 1 = secondary school certificate, 2 = higher 
education entrance qualification), an indicator for smok-
ing/alcohol/drug abuse (1 if any of the three has been 
coded) and a comorbidity score (sum of dichotomized 
variables for treated hypertension, coronary heart disease, 

congestive heart failure, lipid-lowering agents, chronic 
obstructive pulmonary disease, asthma, dementia, hemi-
plegia, antidepressants use, antipsychotics use).

The following time-varying factors were included as 
binary variables: use of other oral glucose-lowering med-
ications or insulin, poor glycaemic control, microvascular 
complications, diagnosed obesity, cancer (other than pan-
creatic or skin cancer), acute myocardial infarction or 
stroke (yes, if at least one of the two has been diagnosed), 
liver disease/severe liver disease/chronic kidney disease/ 
end-stage renal disease (yes if any of the four has been 
diagnosed). Further, the number of hospitalizations 
(per year) and the number of visits to a diabetologist 
(per year; only in sensitivity analysis) were considered as 
continuous variables. A summary table listing all covari-
ates is given in Supplementary Material 2. Covariates were 
selected based on availability and subject matter consid-
erations of their role as potential (time-dependent) con-
founders. There were no missing data in GePaRD except 
for the educational level where missing values were cate-
gorized as “no information/no graduation”.

GePaRD Ethics and Approvals Statement
The data accessed complies with relevant data protection 
and privacy regulations. All involved health insurance 
providers as well as the responsible authorities approved 
the use of GePaRD data for this study. According to the 
Ethics Committee of the University of Bremen studies 
based on GePaRD are exempt from institutional review 
board review.

Target Trial Emulation
Table 1 summarizes the protocol of our target trial (left 
column) and its emulation based on GePaRD (right 
column).

The following eligibility criteria were applied in the 
emulated trial: The sample was restricted to persons aged 
≥ 45 years with a first dispensation of metformin between 
2005 and 2011 and with a first diagnosis of T2DM within 
one year prior to the first metformin dispensation (to check 
this, study subjects must have been continuously insured 
in a participating statutory health insurance for (at least) 
one year prior to the first metformin dispensation). Persons 
were excluded if they had a history of cancer or any 
pancreatic disease, chronic kidney disease, severe liver 
disease or alcoholism, end-stage renal disease, or condi-
tions that require glucose-lowering medications, diagnosis 
of type 1 diabetes mellitus or other types of diabetes, or 
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Table 1 Description of the Target Trial and Its Emulation Based on the GePaRD Data

Protocol Target Trial Emulated Trial

Aim To estimate the effect of two different diabetes treatment 
strategies on the 7-year risk of pancreatic cancer among 

individuals aged 45 and above in Germany

Same

Eligibility 

criteria

Persons with a new diagnosis of T2DM and with metformin 

monotherapy that started between 2005 and 2011 (max 1 year 

after diagnosis) aged ≥ 45 years, with no history of cancer (other 
than non-melanoma skin cancer) or any pancreatic disease (eg 

pancreatitis), chronic kidney disease, severe liver disease or 

alcoholism, end-stage renal disease, or conditions that require 
glucose-lowering medications (eg off-label use of metformin for 

treatment of polycystic ovary syndrome), no diagnosis of 

diabetes mellitus type 1 or other types of diabetes, no 
prescription of a different antidiabetic drug or insulin

Persons with a new diagnosis of T2DM and with a first 

dispensation of metformin between 2005 and 2011 (max 1 year 

after diagnosis) aged ≥ 45 years, with no history of cancer (other 
than non-melanoma skin cancer) or any pancreatic disease (e.g. 

pancreatitis), chronic kidney disease, severe liver disease or 

alcoholism, end-stage renal disease, or conditions that require 
glucose-lowering medications (eg off-label use of metformin for 

treatment of polycystic ovary syndrome), no diagnosis of 

diabetes mellitus type 1 or other types of diabetes, no 
prescription of a different antidiabetic drug or insulin. 

Subjects must be included in the GePaRD database at least since 

one year prior to the first dispensation of metformin to apply 
the eligibility criteria. Persons who die on the day of first 

metformin prescription will be excluded.  

Cohort entry is defined as the date of the first dispensation of 

metformin

Treatment 

strategies

(A) Sustained metformin monotherapy. 

(B) 3–6 months metformin monotherapy and then combination 
with DPP4-inhibitors.

(A) Sustained metformin monotherapy 

(B) One year metformin monotherapy and then combination 
with DPP4-inhibitors.  

We adapted strategy (B) to one year metformin monotherapy as 
the data could only be analysed on a yearly basis  

Medication use is defined based on the proportion of days 
covered (PDC)

Treatment 
assignment

Participants will be randomly assigned to either strategy (A) or 
(B) at baseline and will be aware of the strategy to which they 

have been assigned.

Participants will be assigned to either strategy (A) or (B)  

Randomization is emulated via adjustment for baseline 

confounders.

Follow-up 

period

Starts at randomization and ends at diagnosis of pancreatic 

cancer, death, loss to follow-up, 7 years after baseline, whichever 
occurs first.

Starts at first dispensation of metformin and ends at diagnosis of 

pancreatic cancer, death, loss to follow-up (i.e. end or 
interruption of insurance for more than 30 days), 7 years after 

baseline, whichever occurs first.

Outcomes Pancreatic cancer diagnosed within 7 years of baseline. Same.

Causal 
contrast

Per-protocol-effect, ie, effect of receiving treatment (A) 
according to protocol compared to receiving treatment (B)

Observational analogue to per-protocol-effect

Statistical 
analysis

Per-protocol effect estimation requires adjustments for pre- and 
post-baseline prognostic factors associated with loss to follow- 

up or non-adherence.  

Parametric g-formula is used to estimate cumulative incidences 

under each strategy  

Death will be considered a competing risk

Same.
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a dispensation of a different glucose-lowering drug or 
insulin in the pre-baseline period.

Cohort entry (time zero) was defined as the date of the 
first metformin dispensation and study subjects were fol-
lowed until end or interruption of insurance (lost to fol-
low-up), occurrence of pancreatic cancer, end of 7-year 
follow-up, or death, whichever occurred first. Independent 
censoring is plausible here. The time scale was discrete 
with one unit corresponding to 365 days.

The causal contrast of interest was the observational 
analogue of the per-protocol-effect of following strategy 
A versus B. Note that the strategies A and B are identical 
for the first year because it would be highly untypical to 
start immediately with DPP-4i upon T2DM diagnosis. We 
included the first year in both strategies in order to include 
patients at similar T2DM stages and hence to avoid time- 
lag bias (see Supplementary Material 3).

Randomization of treatment assignment was emulated 
via adjustment for baseline confounding factors. 
Subsequently, non-adherence may occur when persons 
with T2DM start with additional DPP-4i earlier or later 
or stop taking DPP-4i after having started. As this may be 
influenced by factors that are themselves affected by ear-
lier treatment, the parametric g-formula (see Section 4) 
was used to adjust for such time-varying confounding 
(analysis plan).3 Death was considered as a competing 
risk, i.e., we assessed the total effect on pancreatic 
cancer.22

Design and Analysis Steps to Avoid 
Time-Related Biases
Supplementary Material 3 introduces different time-related 
and other biases and outlines how to avoid potential self- 
inflicted biases and how to check for unavoidable biases 
based on our data example. Confounding by indication, 
protopathic and detection bias (and time-dependent con-
founding; see Section 4 and Supplementary Material 4) 
pose specific challenges to our research question as out-
lined in the following:

Confounding by indication occurs when the risk of an 
adverse event is related to the indication for drug use but not 
the use of the drug itself. HbA1c is a measure of poor 
glycaemic control that is typically used to monitor treatment 
response in T2DM. Poor glycaemic control is known to be 
associated with pancreatic cancer23–25 such that not account-
ing for it may lead to confounding by indication. Poor gly-
caemic control may itself be an early symptom of 

(undetected) pancreatic cancer.24,26 In such cases, glucose- 
lowering drugs may be prescribed and the resulting non- 
causal association is called protopathic bias (also referred to 
as reverse causation or unmeasured confounding by undiag-
nosed disease).27 The issue is closely connected with a latency 
time as there needs to be a period of time between onset and 
diagnosis of disease for protopathic bias to be possible. Note 
that due to the long follow-up time of seven years in our study, 
the latency time per se should not affect our results unless 
latent pancreatic cancer is related to unobserved confounding 
factors. A related yet different source of bias is that the 
probability of detecting pancreatic cancer may be higher for 
those starting DPP-4i due to increased surveillance or testing 
of HbA1c levels in that group (detection bias).

To mitigate confounding by indication, protopathic and 
detection bias, we included diagnosed poor glycaemic con-
trol as a time-varying proxy for HbA1c as well as the number 
of hospitalizations and the number of visits at a diabetologist 
(only in a sensitivity analysis) as proxy for increased surveil-
lance in our analyses. In addition, we estimated the risk as 
a function of time. In the absence of bias and assuming 
a minimum of one year latency time (keeping in mind that 
there is no direct evidence to support this assumption), it is 
expected that the cumulative incidence curves coincide for at 
least two years after baseline (the strategies and hence the 
risks are identical in the first year; the cumulative risks can 
thus only diverge after two years from baseline). Earlier 
discrepancies may indicate protopathic, detection bias, 
unmeasured confounding or other problems. As protopathic 
bias cannot be eliminated by the g-formula per se,28 this was 
further addressed in sensitivity analyses based on reasonable 
assumptions about the latency time.

The Parametric g-Formula
Time-varying confounding is another pertinent problem (see 
Supplementary Material 4 for a brief introduction to the 
problem). In our application e.g., poor glycaemic control 
may be an important time-varying confounder that predicts 
future treatment decisions and outcomes and is themselves 
affected by past treatment decisions (see Figure 1 for 
a visualization of the assumed causal relations among vari-
ables under the assumption of no unmeasured confounding). 
The parametric g-formula is a generalization of standardiza-
tion to such time-varying settings.5,29

Given the assumptions of consistency, positivity, 
sequential exchangeability and correctly specified models 
summarized in Supplementary Material 5, the parametric 
g-formula models the joint density of the observed data in 
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order to generate potential outcomes under different 
hypothetical interventions, ie, under different exposure 
scenarios. The g-formula can be used to estimate the risk 
that would have been observed had all study subjects 
adhered to a given treatment strategy and none had been 
lost to follow-up. Causal effects are then defined as con-
trasts of these risks (or more generally, the interventional 
distributions)30 for different strategies.

In our example we aimed to answer the following ques-
tion: “What would happen to the 7-year risk of developing 
pancreatic cancer, if, possibly contrary to fact, persons with 
T2DM were treated with a sustained metformin monotherapy 
(treatment strategy A) compared to a combination of DPP-4i 
and metformin after one year metformin monotherapy (treat-
ment strategy B)?”. We used the g-formula to estimate the 
cumulative incidences under these two strategies.

The estimation algorithm proceeds in three steps: 1) 
fitting models for the conditional distributions of the out-
come and time-varying covariates given previous treat-
ment and covariate history to the observed data; 2) 
Monte Carlo Simulation of the distribution of the out-
comes and time-varying covariates under each treatment 
strategy; 3) estimation of the counterfactual risks under the 
two treatment strategies. This procedure is detailed in 
Supplementary Material 6 as well as in the literature.31,32 

The algorithm can further be used to simulate a population 

under the “current-treatment-practice” strategy, the so- 
called natural course.6

Implementation of the Parametric 
g-Formula in GePaRD
For application of the above to GePaRD, the analytical 
dataset was arranged with one record per person per year 
(i.e., 365 days). The dataset contained the treatment for the 
respective year, baseline and time-varying covariates as 
well as indicator variables for death, cancer diagnosis as 
well as loss-to-follow-up. For modelling the outcome, the 
pancreatic cancer incidence, a pooled logistic regression 
was fitted to estimate the conditional discrete-time hazard 
at each time t. Also, a logistic model to estimate the 
conditional discrete-time hazard of the competing event 
(death) at each time t was fitted. Supplementary Material 2 
lists the functional form and type of model chosen for the 
covariates when being used as predictor/ response vari-
able, respectively; Supplementary Material 7 details the 
implementation and discusses the plausibility of the iden-
tifying assumptions. The sample size for the Monte-Carlo 
simulations was set to the actual sample size of 77,330. To 
obtain confidence intervals 100 bootstrap samples were 
used. The time-varying covariates were arranged in an 
arbitrary ordering when estimating their joint distribution 
by a factorization based on the conditional distributions.

Figure 1 DAG depicting the assumed causal relations among covariates, treatment and pancreatic cancer over time.
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We conducted several sensitivity analyses to assess the 
impact of a) using a 2-year instead of 1-year pre-baseline 
period to apply the exclusion criteria, b) the ordering of 
the covariates in the above modelling, c) using different 
sample sizes for the Monte Carlo approximations, d) the 
choice of time unit (365 days vs quarters/91 days), e) 
censoring death instead of considering it as competing 
event, f) adjusting for further covariates, and g) the choice 
of the cut-point for exposure classification.

As protopathic bias is partly due to unobservable fac-
tors, it cannot be assessed or excluded with certainty. To 
obtain a rough idea whether this might affect our results, 
we conducted additional analyses where we h) excluded 
study subjects intensifying/switching their medication 
within the two quarters/ the year prior to pancreatic cancer 
diagnosis (as higher doses or a switch may indicate detec-
tion or protopathic bias; see De Bruijn et al),33 i) imple-
mented a latency time of 2 years from baseline (persons 
with pancreatic cancer diagnoses within the first 
and second years after baseline are excluded to get an 
indication on protopathic bias).

A comparison analysis based on a conventional method 
such as a simple proportional hazards model was not 
feasible because there were only 33 outcome events in 
the group with metformin/DPP-4i combination therapy.34

Analyses were conducted with SAS 9.4 (SAS Institute, 
Cary, NC, USA) using the GFORMULA SAS macro 
available at https://causalab.sph.harvard.edu/software/.

Results
The selection process leading to our analysis dataset includ-
ing 77,330 persons with T2DM is depicted in Supplementary 
Material 8. The distribution of baseline covariates is sum-
marized in Table 2. The mean age at cohort entry was 62 
years (SD: 9.8 years) with 53.4% of the study subjects being 
male. The median duration of T2DM before cohort entry was 
46 days; the most common comorbidities were treated hyper-
tension (51.0%), obesity (33.9%) and coronary heart disease 
(11.4%). The observed distributions of the time-varying 
exposures and covariates over the 7-year period are shown 
in Supplementary Material 9. Eligibility ensured that all 
study subjects had a dispensation of metformin at baseline, 
did not take other antidiabetic medications and were free of 
certain diseases such as cancer. At the end of follow-up, 
32.2% of the study subjects followed a metformin monother-
apy and 12.8% the combination therapy of metformin and 
DPP-4i (but no other glucose-lowering drugs) in the 
observed data. With regard to the comorbidities, 

microvascular complications (5.8% at baseline/ 49.8% at 
the end of follow-up), obesity (33.9%/56.0%) and liver dis-
ease (11.4%/ 24.3%) showed the strongest increase over the 
7-year follow-up period.

During the 7-year follow-up, there were 652 diagnoses of 
pancreatic cancer, 7,136 deaths and 6,726 censoring events 
(see Table 3). The majority of pancreatic cancer cases was 
diagnosed in year 1 and 2 after baseline (see Supplementary 
Material 9). The observed 7-year risk for pancreatic cancer 
was 0.86%. Under the natural course, the parametric g-for-
mula closely replicated the risk (0.85%) and the mean cov-
ariates (see Supplementary Material 10).

Table 2 Baseline Demographic and Clinical Characteristics of 
the Study Cohort of 77,330 Subjects with Type 2 Diabetic; 
Numbers and Percentages for Categorical Variables, Mean/ 
Median and Standard Deviation/ 1st and 3rd Quartile for 
Continuous Variables

Baseline Characteristics (N=77,330)

Age at entry (years), mean (SD) 62.0 (9.8)

Male sex, N (%) 41,279 (53.4%)

Duration of diabetes (days), median (Q1-Q3) 46 (16–106)

Education, N (%)

No information available 49,776 (64.4%)
Basic secondary degree 15,646 (20.2%)

Qualification for university 11,908 (15.4%)

Diagnosed comorbidity in the one year prior to 

first metformin dispensation, N (%)

Coronary heart disease 8799 (11.4%)
Myocardial infarction 731 (0.9%)

Stroke/TIA 891 (1.2%)

Heart failure 3167 (4.1%)
Treated hypertension 39,407 (51.0%)

Chronic obstructive pulmonary disease 3555 (4.6%)

Asthma 3922 (5.1%)
Hemiplegia 1090 (1.4%)

Dementia 972 (1.3%)

Obesity 26,208 (33.9%)
Indicators for excessive drug abuse 419 (0.5%)

Indicators for excessive smoking 4317 (5.6%)

Drug use in the one year prior to first metformin 

dispensation

Lipid-lowering drugs 7685 (9.9%)
Antidepressants 2791 (3.6%)

Antipsychotics 697 (0.9%)

Number of comorbidities or used drugsa, mean (SD) 0.9 (1.0)

Notes: aTreated hypertension, heart failure, coronary heart disease, hemiplegia, 
COPD, asthma, dementia, antidepressants, antipsychotics, lipid-modifying drugs. 
Abbreviation: SD, standard deviation.
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Table 4 shows the 7-year risks under treatment strategies 
A (metformin monotherapy) and B (combination therapy with 
DPP-4i) for the main model and for the sensitivity analyses 
addressing protopathic assuming a certain latency time. The 
main analysis estimated the 7-year risk to develop pancreatic 
cancer as 0.86% under strategy A and as 1.26% under strategy 
B; the risk ratio (RR) was 1.47 [1.07–1.94; 95% bootstrap CI]. 
The cumulative incidence curves in Figure 2 start to diverge 
slightly between strategies A and B in the second year. Note 
that the risk of the competing event (death) is almost the same 
under both strategies, albeit lower than under the “current- 
treatment-practice” (see Supplementary Material 3).

Sensitivity Analyses
Assuming a minimal latency time of one year, relevant 
risk differences would be expected only approximately 

two years after baseline. Our sensitivity analyses yielded 
the following results (see Table 4):

1. When implementing a latency time of two years 
after baseline (316 cases being excluded), the RR 
became somewhat smaller (1.41 [0.60–2.57]) with 
wider CI possibly due to the exclusion of cases.

2. When excluding persons that changed to or added 
a second/third line treatment in the quarter 
or second last quarter prior to the pancreatic cancer 
diagnosis (89 cases being excluded), the RR 
decreased to 1.35 [0.87–1.72].

3. When excluding persons with T2DM who increased 
their PDC by a minimum of 0.25% points for either 
DPP-4i or other glucose-lowering medications or added 
a second/third line treatment in the year prior to the 

Table 3 Observed Pancreatic Cancer Cases, Deaths and Median Times to Pancreatic Cancer, Death and Censoring During the 7-Year 
Follow-Up Period

Outcome and Competing Event N (%)

Pancreatic cancer cases 652 (0.8%)

Deaths 7,136 (9.2%)

Number of subjects that are censored (less than 7 years of follow-up) 6,726 (8.7%)
Time to pancreatic cancer, median(min, Q1–Q3, max) 772 (5; 236–1,607; 2,551)

Time to death, median(Q1–Q3) 1,448 (799–2,040)

Time to censoring, median(Q1–Q3) 2,555 (2,555–2,555)

Table 4 Risks of Developing Pancreatic Cancer Under a Sustained Metformin Monotherapy and Under a Combination Therapy with 
DPP-4-Inhibitors in Our Main Model, When Introducing a Latency Time of Two Years and When Censoring Cases That Intensified 
Their Medication in the Year Prior to Pancreatic Cancer Diagnosis; GePaRD Data 2005–2018

Model Cases Treatment 
Strategy

7-Year 
Risk 
(%)

95% CI Risk 
Ratio

95% CI Risk 
Difference 
(%)

95% CI

Main 652 Metformin 0.86 0.79–0.96 Ref Ref

Met/DPP-4i 1.26 0.94–1.69 1.47 1.07–1.94 0.40 0.07–0.82

2-y latency timea 336 Metformin 0.46 0.39–0.54 Ref Ref

Met/DPP-4i 0.65 0.28–1.05 1.41 0.60–2.57 0.19 −0.19–0.64

Switch of treatment within 3 to 6 months 

prior to cancer diagnosisb

563 Metformin 0.74 0.67–0.81 Ref Ref
Met/DPP-4i 1.00 0.63–1.35 1.35 0.87–1.72 0.26 −0.09–0.56

Switch/intensification of treatment within 

1 year prior to cancer diagnosisc

531 Metformin 0.69 0.62–0.75 Ref Ref

Met/DPP-4i 0.87 0.56–1.20 1.25 0.78–1.79 0.18 −0.15–0.53

Notes: aCancer cases in the first and second year are censored; the first year is non-informative as both groups receive the same treatment, the second year is considered 
as actual latency time after starting different treatments. bCancer cases are censored if the subject switched to a second/third line medication in the quarter or second last 
quarter prior to the cancer diagnosis. cCancer cases are censored if the subject switched to a second/third line medication or increased their PDC of the current medication 
by a minimum of 0.25% points in the year prior to the cancer diagnosis.
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pancreatic cancer diagnosis (121 cases being excluded), 
the RR decreased to 1.25 [0.78–1.79].

The results of further sensitivity analyses are summar-
ized in Supplementary Materials 11 and 12.

Discussion
Our study illustrates the target trial principle and use of the 
g-formula to compare the cancer risks of different treat-
ment strategies in persons with T2DM based on a large 
health claims database, but it also highlights difficulties. 
Our main analysis showed a clear increase in risk of 
pancreatic cancer for treatment strategy B vs treatment 
strategy A. The effect became weaker in sensitivity ana-
lyses addressing protopathic bias. As excluding certain 
cancer cases relies on strong assumptions about the mini-
mum latency time it could introduce further biases if these 
are incorrect; the results must thus be interpreted with 
caution.

Previous RCTs assessing the short-term risks of DPP- 
4i on pancreatic cancer did not reveal an association15 in 
contrast to observational studies based on claims data that 
point to an increased short-term risk.7,18,19 While the latter 

short-term risks may be inflated due to protopathic bias, 
our study estimated a risk increase over a long follow-up 
period of 7-years. In the main analysis, the RR was 1.26 
after 2 years (with the first year being non-informative, i. 
e., the RR = 1) and increased to a RR of 1.47 at the end of 
follow-up. Importantly, the risk thus still increased, if only 
moderately, beyond the first two years of follow-up. 
Moreover, as one would typically expect a dose–response 
relationship in case of adverse drug effects, ie, effects 
potentially increasing over time, this finding gives some 
support to the presence of an effect.

The chosen example was challenging due to the com-
plex interplay of poor glycaemic control, T2DM and pan-
creatic cancer. Persons with T2DM can generally be 
considered at high-risk of developing cancer including 
pancreatic cancer.35 But it is also known that pancreatic 
cancer can cause poor glycaemic control/T2DM making it 
difficult to separate out the potential impact of glucose- 
lowering medications in these relations.36,37

The definition and derivation of variables based on 
claims data is also an important issue to discuss. Only 
treated, typically extreme cases of certain confounders 
reflecting lifestyle variables like obesity, smoking or alco-
hol abuse or poor glycaemic control are available (coded) 
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Figure 2 Risk plot depicting the estimated cumulative incidences of pancreatic cancer and death (competing event) over the 7-year follow-up period under Strategy 
A (metformin monotherapy; green), Strategy B (combination therapy of metformin and DPP-4i; red), under the natural course (no intervention; blue) as well as the observed 
risk of pancreatic cancer (yellow).
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in the database making underreporting likely. Further, 
information on the disappearance of such conditions is 
not available implying that changes over time cannot be 
adequately captured based on GePaRD. Also, exposure 
misclassification cannot completely be ruled out, but was 
addressed in the sensitivity analyses.

The parametric g-formula has previously been applied 
to compare the effectiveness of clinical interventions38,39 

as well as lifestyle interventions40–43 based on observa-
tional data. Applications using administrative healthcare 
data are still scarce.31,44 The few available demonstrated 
the potential of healthcare databases for comparison of 
(dynamic) treatment strategies at least in settings with 
frequent outcomes (blood pressure targets, death) and 
showed the g-formula to be a promising tool to emulate 
ideal trials that are not practically feasible for cost, time or 
ethical reasons. However, the validity of the results 
strongly depends on the assumption that the considered 
covariates are sufficient to control for (time-dependent) 
confounding.5

Also, in the present investigation, unmeasured con-
founding cannot be fully excluded. As outlined earlier, it 
would have been desirable to adjust for HbA1c or other 
early symptoms of an undetected cancer to reduce the 
potential for protopathic bias and confounding by indica-
tion. However, based on the GePaRD data we could only 
use diagnosed poor glycaemic control as a rough proxy. 
A more extensive and thorough quantitative bias analysis45 

which should also include the explicit modelling of mini-
mal latency time as in Danaei et al27 will be addressed in 
future work.

The validity of the results further depends on correct 
model specification. We conducted several sensitivity ana-
lyses, and our results were robust towards changes in 
model specification (see Supplementary Materials 6, 11 
and 12). However, we encountered some practical issues 
with the implementation of the g-formula algorithm so that 
models could not be chosen as flexibly as desired: 
Convergence problems occurred when including a high 
numbers of covariates, especially those with low preva-
lence (e.g., chronic pancreatitis). Therefore, we combined 
certain variables into a score such as comorbidities or 
smoking/alcohol/drug abuse. When using years instead of 
quarters as the time intervals, the model converged more 
easily even with additional covariates. Because poor gly-
caemic control as an important time-varying confounder 
could not be included in the 91-days model, again due to 
convergence problems and poor agreement between 

observed means of certain time-varying covariates with 
those predicted by the model, the 365-day model was 
used as main model. However, this choice is accompanied 
by a loss of information and reduced level of detail. It is to 
be expected that convergence problems are less common 
when addressing outcomes with a higher incidence like in 
previous studies.31,44

IPW would have been an alternative approach to 
account for time-varying confounding5 but is less stable 
in case of near violations of the positivity assumption as 
in our data (see Supplementary Material 6). Further 
restrictions of the study population could help to reduce 
this problem but would lead to a different causal 
contrast.

Conclusions
Using the example of antidiabetic drugs and pancreatic 
cancer, our study illustrated how to specify, emulate and 
analyse a target trial to compare different treatment strate-
gies based on a large health claims database. Although the 
study was carefully designed to avoid self-inflicted biases, 
and the g-formula correctly adjusted for observed time- 
dependent confounding, we could not rule out various 
forms of unobserved residual confounding, especially pro-
topathic bias. Further issues pertained specifically to the 
complexities of implementing the g-formula, necessitating 
some compromises in the analysis. We do not expect these 
problems to be fundamentally different with other 
approaches. Looking ahead, our study underlines the 
importance of formal methods for quantitative bias ana-
lyses that can deal with challenging time-dependent set-
tings and exploit any available prior knowledge or outside 
information.

Data Sharing Statement
As we are not the owners of the data we are not legally 
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dance with German data protection regulations, access to 
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Institute for Prevention Research and Epidemiology – 
BIPS on the BIPS premises and in the context of approved 
research projects. Third parties may only access the data in 
cooperation with BIPS and after signing an agreement for 
guest researchers at BIPS. Analyses were conducted using 
the GFORMULA SAS macro available at https://causalab. 
sph.harvard.edu/software/.
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