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Introduction

Drug-based treatment of type 2 diabetes can have complex patterns, with switches
between different agents and combination treatments across drug classes occurring
frequently’2. When trying to estimate the comparative effect between continuous use of
two different medication classes, this can lead to methodological challenges. While
there are models that are able to estimate counterfactual outcome probabilities of the
strategies ‘Always treat with drug A’ versus ‘Always treat with drug B’*°, handling of
concomitant use of both drugs has received less attention so far. Frequently, individuals
using both drugs at the same time are censored at the time the second treatment is
initiated®. Study design approaches like the prevalent new-user design’ assume that
treatment addition only happens in one direction — users of drug A might add drug B, but
users of drug B do not add drug A.

When the drugs of interest have immediate effects on outcomes, the censoring
approach will not lead to considerable bias. However, when a drug has effects on longer-
term health outcomes such as cancer diagnoses, censoring might lead to
underestimation of the associated risk. An illustrative example is shown in Figure 1: Drug
A causes the outcome after exactly 3 years, but all outcomes are missed because
individuals start adding treatment before the outcome occurs and are thus censored.
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Figure 1: lllustration of risk of bias

The motivation for this simulation study stems from the research question whether
SGLT2 inhibitors (SGLT2i), a class of type 2 diabetes medications, lead to a reduced risk
of colorectal cancer compared with DPP4 inhibitors®. The effect of SGLT2i will take time
to be identifiable in observational data sources only recording diagnosis codes. DPP4i



are considered to have a less strong effect on a patient’s blood glucose level, but also
fewer adverse events, which means that might be preferred to begin treatment with
DPP4i rather than SGLT2i. If glycaemic control is not sufficient with DPP4i use, SGLT2i
might be considered as an add-on treatment. If a patient starts with SGLT2i, DPP4i might
be given as an add on. However, as SGLT2i, like the class of GLP-1 receptor agonists
(GLP-1RA) have cardioprotective effects, it is possible that SGLT2i users are more likely
to add GLP-1RA than DPPA4i. Therefore, itis more likely that a person starting with DPP4i
is censored for adding SGLT2i than vice versa. This would imply that more outcomes
after DPP4 use would be missed than after SGLT2i use and any potential SGLT2i
protective effect might be underestimated.

This simulation study aims to compare methods aiming to mitigate the bias from
censoring concomitant users, namely variations of the landmarking method® and
inverse-probability-of-censoring weighting'® and a combination thereof. The simulation
setup is informed by available literature on distributions and variables related to the
detailed motivating research question. It follows the framework laid out in Keogh et al™,
using the additive hazards model and estimating true parameters through simulated
randomised trials. It is planned following the clinical scenario evaluation approach by
Benda et al'? and Friede et al'®.

Assumptions

The simulations will generate individual participant data on time-varying exposure,
covariates and outcome times, as well as potential censoring times. As laid out in the
framework by Keogh et al'', data is simulated sequentially, starting with baseline
covariate information, followed by treatment assignment and outcome event indicators,
repeated at each simulated time period k, corresponding to information at quarters k =
0, ..., m. This process enables simulating time-dependent confounding and treatment
assignment.

Figure 2 illustrates the data generating mechanism as a DAG. Itis similar to the setup in
Keogh et al. An unobserved individual frailty U influenced the outcome risk Y and
measured covariates L. L is potentially time-varying, with L being infuenced by L, and
Aci. Treatment assignment Ay, also potentially varying by quarter k, is influenced by
previous treatment Ac4 and current covariates L«. The outcome risk in quarter k, Y, is
influenced by the history of treatment Ao, ..., A, and covariate history Ly, ..., L,. Outcome
hazards are additive across quarters.

U is a normally distributed random variable with mean 0 and standard deviation oy
L is a continuous variable, drawn from a normal distribution with mean

M= L + [an a2] Aka+ U + oL



Ais a bidimensional vector, with the first element representing treatment with drug A
and the second element representing treatment with drug B. The 2 elements are
generated sequentially. At time 0, the first element of A is drawn from a Bernoulli
distribution with success probability expit(¢po + B1,0 Lo), and the second element is
defined as O if the firstis one, or vice versa, such that initial treatment is binary (Either
drug A or drug B). At subsequent times m, the first element is drawn from bernoulli
distributions with success probability

expit(do + Bo1 Lo+ ... + Bmalm + Vo1 Ao+ ... + Yin1,1Ama)
and the second element as
expit(dpot \beta0,2 Lo + ... +\beta_m,2 L, + \gammaO0 Ao + ... + \gamma_m-1 An1 + YmAm)

where y is 2-dimensional for all k lower than m, and yn» and A, are one-dimensional with
A drawn just prior.

Hazards for the outcome are generated as
E.m =Nt A Lm+AuU + )\A,OAO +...+ AA,m An

where Ak is bidimensional for all k.

Figure 2: Directed acyclic graph of the simulation setup, simplified

For the simulated RCTs to estimate true values, A is set deterministically to either [1 0] or
[0 1] identically at each time point for each person.

Options

The data generating mechanism is varied by the parameters used for drawing variables
as described above. Several aspects are investigated here:

Ability to predict treatment assignment



o.takes values 0, 1, and 5, to represent easy prediction through L and A, some more
randomness, and a situation where treatment assignment is relatively random.

Outcome probability

Incidence of the outcome is set at approximately 10, 50 and 100 per 100.000 person-
years, reflecting roughly true values of colorectal cancer incidence in Germany '

Probability of concomitant treatment

VYm Varies between 2, 4 and 8 to recreate low, medium and high probabilities of receiving
both drugs in the same quarter.

Treatment-outcome relationship
The influence of treatment on the outcome is simulated by varying A.. At time point k,

- Mm=0forall m: no treatment effect

= Mo= ... = Maks = 05 Aaka <= ... <= M immediate, waning effect over time

= Mo= ... =Maks = 0; Ak = A = 0: Delayed treatment effect

- Mo <=...<=Mis>=... >= M Continuous effect, but peaking after 5 quarters

Random censoring

Random censoring at a rate of approximately 50 per 100.000 person years will be added
to simulate realistic conditions of cohort drop-out.

Metrics

20 quarters are simulated. Each RCT is replicated 500 times to estimate true parameter
values. Each simulation is repeated 10.000 times to enable accurate measurement of
uncertainty.

For visual comparison, time-varying risk difference and relative risk curves are
estimated and compared to the true curves. Additionally, the absolute bias in risk
difference and relative risk at quarters 10 and 20 are compared. Uncertainty will be
characterised by 95% bootstrap confidence intervals.
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