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Abstract

Applications of the Causal Roadmap to Danish registry data: case studies of the
effects of second-line diabetes medications on dementia and adverse cardiac events

by
Nerissa Nance
Doctor of Philosophy in Epidemiology
University of California, Berkeley

Professor Maya Petersen, Chair

The Causal Roadmap is a formal framework for causal and statistical inference that
supports clear specification of the causal question, interpretable and transparent
statement of required causal assumptions, robust inference, and optimal precision.
The Roadmap is thus particularly well-suited to evaluating longitudinal causal effects
using large scale registries; however, application of the Roadmap to registry data also
introduces particular challenges. In this work, Ioutline the use of simulations for es-
timation specification in real-world data problems. I further motivate this through
two detailed case studies of the Causal Roadmap applied to longitudinal Danish Na-
tional Registry data to evaluate the comparative effectiveness of second-line diabetes
drugs on dementia and cardiovascular risk, respectively. I provide practical guidance
on the implementation of the Roadmap using registry data, and highlight how rare
exposures and outcomes over long-term follow up can raise challenges for flexible
and robust estimators, even in the context of the large sample sizes provided by the
registry. Moreover, I demonstrate how simulations can be used to help address these
challenges by supporting careful estimator pre-specification. To protect research in-
tegrity, it is essential that the algorithm for statistical estimation and inference be
pre-specified prior to conducting any effectiveness analyses. However, it is often un-
clear which algorithm will perform optimally for the real-data application. Here,
I call for the use of simulations that realistically reflect the application, including
key characteristics such as strong confounding and dependent or missing outcomes,
to objectively compare candidate estimators and facilitate flexible yet full specifica-
tion of the statistical analysis plan. Such simulations are informed by the Causal
Roadmap and conducted after data collection but prior to effect estimation.



In Chapter 1, I outline the benefits simulations for pre-specification through two
worked examples. In Chapter 2, I examine the effect of glucagon-like receptor-1
agonists (GLP1) on dementia onset, and utilize simulations to rigorously pre-specify
our estimation selection. In Chapter 3, I walk through a guided simulation study
using the example of GLP1 and adverse cardiac events, highlighting both strengths
of this approach and areas of further research. Overall, this work shows how realistic
simulations empower us to flexibly pre-specify an estimation approach and thus to
improve the rigor and reproducibility of our research.
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Preface

Pharmacoepidemiology applies epidemiologic analytic methods to the study of drug
usage patterns, effects, and interactions in a “real world” setting.[1] Randomized con-
trolled trials (RCTs), while necessary for establishing efficacy, are conducted in highly
controlled environments that do not reflect real-world use (in terms of polypharmacy,
adherence, etc.). They are often also conducted in populations that are not repre-
sentative of the general population (in terms of risk profile, demographics, etc.).
These facets affect the generalizability of results to practical settings. Moreover,
RCTs can sometimes be cost-prohibitive and challenging to power in the cases of
rare disease and/or disease with long-term follow-up. They may also be ethically
infeasible when there is no equipoise (i.e., benefit or harm has already been shown).
All these shortcomings necessitate the use of observational data. The pharmaceutical
industry recognizes the value of observational research, and most large pharmaceuti-
cal companies dedicate significant resources to real-world evidence (RWE) research.
Regulatory agencies like the Federal Drug Administration (FDA) and the European
Medicines Agency (EMA) recognize both the value of and the methodological chal-
lenges inherent to RWE.[2, 3] Once a drug is released on the market, vast amounts
of data are passively collected about its use through medical records, registries, and
claims. This observational data is often studied to determine potential unintended
benefits and harms—both health-related and economic—associated with the drug.[1]

Within the field of pharmacoepidemiologic research with RWE, there is a push
to improve the methodological rigor with which studies are conducted. For example,
the European Network of Centres for Pharmacoepidemiology and Pharmacovigilance
released updated methodological guidance in 2023 explicitly calling for the use of
causal inference to increase the validity and transparency of pharmacoepidemiologic
studies.[4] Machine learning is also of increasing interest in the RWE community.
These advanced analytical techniques can handle large datasets and complex variable
interactions more effectively than traditional statistical methods, and can produce
highly accurate and efficient predictions. However, these machine learning algorithms
optimize precision for a given prediction problem. High prediction accuracy, while



important, is only part of the puzzle in causal inference. We want to not only produce
accurate estimates, but also inference about our target estimand of interest including
counterfactual quantities of interest. Targeted learning allows researchers to utilize
the power of machine learning while maintaining statistically valid inference of target
causal quantities.[5, 6, 7|

While rigorous pharmacoepidemiologic methods can be applied to many types
of problems, chronic disease treatments serve as particularly interesting case studies
due to the need for prolonged intervention and monitoring. Type 2 diabetes mellitus,
a cardio-metabolic disease that affects almost a half a billion people globally, is one
example of this.[8] Many treated patients will use second-line therapies to replace or
supplement first-line therapies as some point in their lives due to poor blood glucose
regulation from first-line therapy alone. Adequate glucose regulation can help re-
duce the risk of developing other comorbidities, such as dementia and cardiovascular
disease (CVD).

Diabetes is a key risk factor for vascular dementia and Alzheimer’s disease,[9]
and a growing body of evidence suggests that some antidiabetic therapies may reduce
cognitive decline in diabetic patients. The neuroprotective effects of the drug class
glucagon-like peptide-1 receptor agonists (GLP1) are an area of active research[10,
11], including mechanisms of action that improve feelings of satiety and subsequent
weight reduction, as well as a direct effect on neuroplasticity.[12, 13] Secondary
analyses of randomized placebo-controlled trial data in diabetic patients also support
these findings.[14, 15] However, while there is continued interest in research studying
the relationship between GLP1 and cognitive function, these findings have not yet
shifted clinical recommendations for the prescription of GLP1s among older adults
at risk of cognitive decline.

Diabetes is also a key risk factor for CVD, and several randomized trials have
shown strong evidence that GLP1 can lower the risk of major adverse cardiovascular
events.[16, 17, 18] Evidence is so strong, in fact, that the American Diabetes Asso-
ciation has included GLP1s in their treatment recommendations for patients with
existing CVD or for those at high risk of CVD.[19] Likewise, the European Society of
Cardiology recommends the prescription of GLP1s to reduce the risk of heart attack
and stroke in diabetes patients with existing CVD, irrespective of glucose control.[20]
Notably, however, those who have less than high risk of CVD are excluded from these
recommendations.

While we know that some trials have shown promising effects of second-line
therapies—specifically GLP1—on cardiovascular and dementia outcomes among di-
abetic patients, trials are not without their limitations. In the case of dementia,
trials rely on proximal biomarkers rather than dementia onset. For both dementia
and CVD, recruited patients are higher risk than the general population. In addi-



tion, most of these trials have been placebo-controlled studies of single drugs rather
than comparisons of different treatment options. Moreover, these trials have not
been conducted under realistic, real-world conditions with a broad population. More
evidence is needed, but prospective trials with rarer outcomes requiring longer-term
follow up can be challenging to adequately power. Observational studies circumvent
these shortcomings by allowing access to expansive datasets with sufficient sample
sizes to investigate relatively rare medications and outcomes, such as in the case
of dementia. Several studies have examined these relationships using observational
data[21, 22|, but no study has yet done so utilizing causal inference methods, and
in particular the Causal Roadmap, to circumvent the biases unique to longitudinal
observational data.

Observational studies can suffer from confounding bias that is particularly
challenging in longitudinal settings. One example is time-dependent confounding,
whereby confounders affected by prior exposure can be on the causal pathway be-
tween exposure and outcome[23], as is often the case in medication treatment. Mod-
ern causal inference methods have the potential to address these shortcomings by
allowing researchers to adjust estimates for these longitudinal covariates that are af-
fected by prior exposure without adjusting for covariates that are potential mediators
or colliders between prior treatment and the outcome.

Complex longitudinal estimates present their own analytic problems. Sustained
exposure over time can reduce the data support for the target comparison of interest.
One way to help ensure not only that data support exists but also that you are
achieving desired metrics is through simulation. Simulations can be used in RWE to
improve the rigor and transparency of real-data applications.

This body of work aims to illustrate the use of the Causal Roadmap and sim-
ulations to improve the generation of RWE in complex settings. It offers several
key contributions to the literature of applied pharmacoepidemiology and diabetes
research. It produces guidance, through example, of applied simulations for estima-
tion specification. These case studies provide guidance to applied epidemiologists
and applied biostatisticians in conducting longitudinal causal inference analyses. It
is the first to isolate and compare second-line regimens—specifically, GLP1 receptor
agonists and sodium-glucose cotransporter-2 (SGLT2) inhibitors—head-to-head to
evaluate effects dementia outcomes using causal methodology. It is also among the
first to harness the Danish health registries to answer causal questions using the
Causal Roadmap.

This work is organized as follows. In Chapter 1, I provide motivation for im-
plementing simulations to pre-specify estimator selection through statistical analysis
plans using two motivating data examples. In Chapter 2, I outline an application of
the Causal Roadmap to Danish registry data to examine the relationship between



GLP1 use and dementia using simulations to pre-specify estimation selection. In
Chapter 3, 1 provide a step-by-step implementation of a simulation, using a case
study of GLP1 and cardiovascular disease. Finally, I conclude with lessons learned
and future directions for this work.



Chapter 1

The Causal Roadmap and
simulations to improve the rigor
and reproducibility of real-data
applications!

!This article has been accepted in a similar form for publication in the journal Epidemiology,
with coauthors Maya Petersen, Mark van der Laan, and Laura Balzer. Link pending.



1.1 Introduction

Formal frameworks for causal and statistical inference can help researchers to clearly
structure and understand the links between their research question, causal model,
data, statistical estimation, and results interpretation. Examples of such frameworks
include the Causal Roadmap and target trial emulation.[24, 6, 25] Recent commen-
taries on epidemiologic training have highlighted the role of such frameworks in
asking thoughtful and feasible study questions, particularly amid a proliferation of
novel analytic methods which may aid or distract from answering that question.|26,
27] Even after we have specified a well-defined and relevant question, there are many
steps to setting up the analysis to answer it. For example, the remaining steps of
the Causal Roadmap (hereafter, “the Roadmap”) are to: (2) specify a causal model
reflecting background knowledge and uncertainties; (3) define the causal effect of
interest; (4) describe the data available to answer the question; (5) assess identifia-
bility; (6) select a statistical model and estimand; (7) estimate and obtain inference;
and (8) interpret results.

Roadmap steps 1-6 set up a statistical estimation problem, reflecting our re-
search question and the real-world challenges of the data. Specifically, the Roadmap
leads us to a well-defined statistical estimand, which is a function of the observed
data distribution, and a realistic statistical model. (Formally, the statistical model
is the set of all possible observed data distributions.[6]) However, the Roadmap does
not tell us which algorithm to apply for estimation and inference. While an algo-
rithm’s theoretical properties can narrow the scope of possibilities, it is often unclear
a priori which approach will perform best in the real-data application. Instead, there
is a tendency to simply apply one’s preferred algorithm, using the default settings
of a computing package or recycling prior code. Likewise, there is a temptation to
try several implementations and pick the implementation yielding the most favorable
or logical result. As detailed below, we advocate for the use of realistic simulations
to objectively select the algorithm for estimation and inference and pre-specify the
statistical analysis plan.

The statistical analysis plan delineates key features of the real-data analysis,
including the target population, primary outcome, exposure conditions, causal effect
of interest, approaches to handling potential inferential threats (e.g., confounding
and missing data), statistical estimand, primary/secondary analyses, and sensitivity
analyses. While many of these features follow from earlier steps of the Roadmap, the
statistical analysis plan requires us to state the precise implementation of the esti-
mator, including approaches for estimating nuisance parameters and approaches for
obtaining inference. (Nuisance parameters are quantities needed to evaluate the sta-
tistical estimand, but are not the estimand itself.) Full pre-specification requires more



than simply stating the statistical estimand (e.g., the longitudinal G-computation
formula) and the general class of estimators (e.g., targeted minimum loss-based es-
timation [TMLE]). Indeed, the process of pre-specifying a statistical analysis plan
requires us to think critically about different estimation and inferential strategies as
well as their expected performance before running any analyses to assess causality. As
a result, pre-specification of the statistical analysis plan helps improve transparency
and protect against ad hoc analyses, which can lead to a “fishing expedition” to find
the most promising results and inflated Type-I error rates.

Regulatory and funding agencies typically require the statistical analysis plan
to be pre-specified prior to conducting effectiveness analyses in randomized trials.[28,
29, 30, 31] There is also a growing movement to improve reproducibility and trans-
parency of observational studies through rigorous planning and reporting (e.g., [32,
33, 34, 35]). Mathur and Fox provide an excellent review on the principles and
practices to improve open and reproducible research in epidemiology; in particular,
they highlight pre-registration of statistical analysis plans for observational studies
and code sharing.[36] Notably, Gruber et al. discuss how the Roadmap for Targeted
Learning can inform the development of statistical analysis plans.[37] Here, we build
on this work by providing guidance and context on how to select the approach for
statistical estimation and inference for the real-data application.

Our goal is to describe how finite sample simulations, informed by the Roadmap
and reflecting the real-data application, can be used to objectively compare estima-
tion strategies and develop a completely pre-specified statistical analysis plan. For
demonstration, we provide two worked examples: (1) an observational study with a
time-varying exposure and censoring, and (2) a randomized trial with missing and
dependent outcomes. We also highlight how this approach naturally leads to fully
pre-specified and quality-checked computing code. Thus, our approach has the po-
tential to improve the transparency, reproducibility, and rigor of our analyses aiming
to evaluate causal effects.

Our presentation assumes familiarity with foundational concepts in causal and
statistical inference (e.g., causal models, identifiability assumptions, and the G-
computation formula). For a review of these concepts and an introduction to the
Causal Roadmap, we refer to Petersen and van der Laan[24] and Dang et al.[38].
An overview of the Roadmap for the running examples is provided in Table 1.1.
Indeed, our worked examples are inspired by real studies and are inherently com-
plex, highlighting the real-world challenges that commonly arise when aiming to
infer causality. The remainder of the article is organized as follows. First, we outline
how simulations are used in epidemiology. Then, we demonstrate the utility of the
Roadmap in setting up the statistical estimation problem and designing the simula-
tion study. Next, we describe how to conduct simulations for estimator selection in



real-data applications; specifically, we discuss pre-specification of the candidate esti-
mators, data generating process, performance metrics, and selection scheme. Finally,
we describe the consequences of our approach to improve research transparency and
reproducibility.



Table 1.1: Overview of the Causal Roadmap for the two running examples

Causal Roadmap steps

Observational study example

Randomized trial example

(1) Research question

e Specify the primary expo-
sure(s), outcome, and target
population

What is the effect of SGLT2°
inhibitor use on the risk of re-
nal disease onset among patients
with diabetes in an integrated
healthcare system in the United
States?

What is the effect of the multi-
component, SEARCH-Youth in-
tervention on viral suppression
among 15-24 year-olds with HIV
in rural Kenya and Uganda?[39]

(2) Causal model

e Describe  the  confounding
structure, missing data
mechanism,  (in)dependence
structure, ...

Longitudinal model including
time-varying confounders and
factors influencing censoring

Multi-level model reflecting that
the intervention is randomized at
the clinic-level, but outcomes are
at the individual-level and sub-
ject to missingness

(3) Causal effect

e Using counterfactuals, specify
the target effect and scale of in-
terest

Causal risk difference:
E[Yaz1=0(t)] — E[Yazoz=0(t)]
with Y5 z(¢) as the counterfactual
outcome at time ¢ under SLGT2
use A = a and no censoring
C = 0 throughout follow-up

Sample prevalence ratio:
/NS Ye(1 . .
% with Yf(a) as the

counterfactual % with viral sup-
pression in clinic i = {1,..., N}
under treatment-level A¢ = a°
and complete outcome measure-
ment




(4) Observed data

e Describe the data that have
been or will be observed, in-
clude the exposure(s), out-
come(s), ...

Longitudinal data structure: his-
tory of covariates L(t), exposure
A(t), censoring C(t), and out-
comes Y (t) through time ¢

Multi-level data structure:
cluster- and individual-level
baseline  covariates  (E°, W),

cluster-level exposure A¢, and
individual-level, post-baseline
covariates M, measurement
indicator A, and outcome Y

(5) Identifiability

e Evaluate the assumptions
needed to express the causal
effect as statistical estimand

No unmeasured confounding, suf-
ficient data support (i.e. no prac-
tical positivity violations), and
censoring-at-random

Within each clinic and values of
adjustment variables, individual-
level outcomes are missing-at-
random and there is a positive
probability of measurement

(6) Define the statistical estima-

tion problem

e Specify the
mand and model

statistical esti-

The statistical estimand is the
iterated conditional expectation
expression of the longitudinal g-
formula.[23, 40] The statistical
model is non-parametric.®

Within  each  clinic, the
cluster-level  endpoint, ac-
counting for missingness, is
Y = EEY|A = 1,W,M)].

The statistical estimand to

evaluate th? izr:lte{ve‘ntion g:ffect
. 1/N Y, E(Y°|A°=1,E¢

is U = 1/NZZ.E(YC\AC=O,E§)'[41]
The statistical model is semi-

parametric.’

(7) Estimate and obtain inference
e In a pre-specified way, chose
and implement an estimator

Outcome-blind simulations to ob-
jectively select between alterna-
tive implementations of longitu-
dinal TMLE®; see Table 1.3.[7,
42|

Treatment-blind simulations to
objectively select between alter-
native implementations of Two-
Stage TMLE®; see Table 1.3.[41]

0T



(8) Interpret

e State the results in light of the
causal and statistical assump-
tions.

After flexibly accounting for mea-
sured time-varying confounders,
two years of continuous use of
SGLT2* inhibitors was associ-
ated with a 5% (95%CI: 2.75-
7.25%) decrease in the risk of re-
nal disease onset.

After flexibly accounting for
missing outcomes and cluster-
ing, SEARCH-Youth increased
viral suppression among adoles-
cents and young adults with HIV
by 10% (risk ratio=1.10, 95%CI:
1.03-1.16).[39]

“Sodium-glucose cotransporter-2 inhibitors
®See the Statistical Analysis Plan in the eAppendices for additional details.
“Targeted minimum loss-based estimation

1T
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1.2 On simulations in epidemiology

Simulation studies are widely applied in methodologic research to evaluate the finite
sample properties of existing and recently developed estimators.[43] Since the true
value of the target parameter is known, simulations enable us to calculate perfor-
mance metrics, such as bias and confidence interval coverage . For example, the well-
known Kang and Schafer censored data simulations revealed the instability of esti-
mating equation-based methods under data sparsity and inspired suspicion of doubly
robust approaches.[44] Subsequent replication of these simulations have highlighted
the potential for doubly robust, substitution estimators (e.g., TMLE and collabora-
tive TMLE) to overcome these challenges.[45] More recently, simulations have been
used to illustrate the potential advantages and perils of using machine learning in
analyses seeking to infer causality.[46, 47, 48]

Beyond methods evaluation, epidemiology uses simulations in several other set-
tings. Examples include teaching epidemiologic concepts, evaluating study designs,
forecasting disease trajectories, agent-based modeling, addressing transportability,
and data pooling (e.g., [49, 50, 51, 52, 53, 54, 55]). Prior to data collection, sim-
ulation studies are commonly implemented to inform the design randomized trials,
including power calculations.[56, 57, 58]) Following data collection and after effect
estimation, simulations are also applied in sensitivity analyses, including quantitative
bias analysis (e.g., [59, 60]). However, to the best of our knowledge, there are few
published examples of using simulations in the principled comparison and selection of
estimators for a real-data analysis after data have been collected but before any effec-
tiveness analyses are conducted. Some exceptions include the use of outcome-blind
simulations to select the primary analysis in a SMART trial, to evaluate propensity
score estimators within TMLE in a drug safety monitoring study, and to compare
estimators for longitudinal effects with registry data.[61, 62, 63]

A pertinent commentary in the British Medical Journal called for the broader
use of simulations to inform applied data analyses, but also recognized that the
implementation and reporting of such studies is the subject of continued debate.[64]
We aim to help address these and other issues by guiding researchers on the use
simulations, informed by the Roadmap and reflecting the real-data application, to
aid in the development and full pre-specification of the statistical analysis plan and
corresponding computing code.
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1.3 Defining the estimation problem with the
Roadmap

As illustrated in Table 1.1, the first six steps of the Roadmap setup the statistical
estimation problem, which is defined by the statistical estimand and the statistical
model.[24] Of course, one could specify these elements without the Roadmap. In our
experience, however, applying the Roadmap has several strengths relative to other
frameworks and the following benefits.[27] Among others, the Roadmap helps clar-
ify the research goals, highlight potential inferential threats, specify the handling of
events occurring after the initial exposure or treatment, and facilitate transparent dis-
cussions about the plausibility of assumptions. Perhaps most crucially, the Roadmap
leads to a statistical estimand reflecting our original research question as well as the
real-world challenges in the data. In other words, even if the identifiability assump-
tions do not hold, the Roadmap guides us to statistical estimand coming as close as
possible to the wished-for effect. (The size of the “causal gap” can be formally ex-
plored in sensitivity analyses and is taken into account during interpretation.[27]) In
most cases, our statistical estimand is a complicated function of the observed data
distribution and not equal to a single coefficient in a parametric regression. This
complexity is needed to generate the most appropriate answer to our research ques-
tion and often precludes the use of more traditional statistical approaches. Equally
important, the Roadmap highlights that we rarely have the knowledge to support
functional form assumptions — beyond treatment randomization in a trial. Instead,
our statistical model is often non-parametric or semi-parametric, and we need to
harness machine learning during estimation to avoid unsubstantiated assumptions.
As a concrete example, consider a study aiming to evaluate the effect of a
time-varying and non-randomized exposure: sustained use of sodium-glucose co-
transporter 2 (SGLT2) inhibitors on the onset of renal disease among patients with
diabetes. As shown in Table 1.1, application of the Roadmap highlights the poten-
tial for bias and misleading inference due to confounding, censoring, and practical
violations of the positivity assumption, occurring when there is insufficient variabil-
ity in the exposure within confounder strata.[65, 66] These inferential threats can
be particularly fraught in settings with longitudinal exposures; the longer follow-up
time, the more potential there is for time-dependent confounding, right-censoring,
and lower support for the longitudinal exposures of interest. Given these challenges,
the Roadmap leads to a complex statistical estimand: a contrast of the iterated
conditional expectation expression of the longitudinal G-computation formula (Sup-
plementary Material A).[23, 40] Importantly, the Roadmap also leads to a non-
parametric statistical model without functional form assumptions. Altogether, the
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Roadmap narrows the scope of possible estimators to algorithms that can handle
time-dependent confounding, right-censoring, and poor data support, as well as har-
ness machine learning to avoid unsubstantiated modeling assumptions. For this
setting, common approaches include singly robust estimators, such as inverse prob-
ability weighting and G-computation, as well as doubly robust alternatives, such
as augmented inverse probability weighting and TMLE.[67, 68, 23, 69, 6] Each has
statistical properties that may lend themselves (or not) to a specific analysis. As
described below, we can use simulations, informed by the Roadmap, to chose the
estimator expected to perform best in the actual analysis.

As a second example, consider the SEARCH-Youth study, a cluster random-
ized trial to evaluate the effect of a multi-component intervention on viral suppres-
sion among youth with HIV in East Africa.[39] As shown in Table 1.1, the Roadmap
highlights the impacts of randomizing the treatment to health clinics (instead of indi-
viduals) and missing data. Specifically, each Roadmap step reflects the dependence
between participants within clinics as well as the potential biases from the miss-
ing data—equivalent to time-dependent confounding. Again, the Roadmap leads to
a complex statistical estimand: a contrast of clinical-level summary measures, each
accounting for baseline and post-baseline causes of measurement and outcomes (Sup-
plementary Material B).[41, 70, 71] The Roadmap also leads us to a semi-parametric
statistical model, only reflecting our knowledge of treatment randomization. Here,
the Roadmap narrows the set of possible estimators to those that flexibly handle
dependent and missing data — specifically, approaches allowing the missingness
mechanism to vary by cluster.[41] In Two-Stage TMLE, for example, we first es-
timate a summary measure accounting for missing data in cluster separately and
then evaluate the intervention effect on those cluster-level summaries. Additionally,
as common in cluster randomized trials,[72] few clinics were randomized, specifically
28, in SEARCH-Youth. Therefore, we also need an estimation and inferential ap-
proach that performs well with few independent units. Again, simulations can aid in
the formal evaluation of alternatives and pre-specification of the primary analysis.

1.4 Simulations to inform the real-data analysis

We now detail how simulations, informed by the Roadmap and reflecting the real-
data application, can aid in objectively selecting and appropriately implementing
the estimation and inferential approach expected to perform best in the real-data
analysis. To do so, we need to pre-specify the candidate estimators, data generating
process for the simulations, performance metrics and selection process.
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Choosing the candidate estimators

It is essential to choose candidates targeting the statistical estimand of interest. This
may seem obvious, but without careful consideration, we could end up comparing
estimators of marginal versus conditional effects, especially in hierarchical data set-
tings.[73, 74, 42, 70] As previously discussed, following the Roadmap narrows the
set of candidate algorithms to those targeting the statistical estimand. This set can
further be narrowed by considering the asymptotic properties of the estimators (e.g.,
efficiency, double robustness). Even if we settle on a single class of estimators, such
as TMLE, there are still many decisions before the statistical analysis plan is fully
specified.

We must decide how to estimate nuisance parameters. In doubly robust estima-
tors, for example, nuisance parameters typically include the outcome regressions (i.e.,
the conditional expectation of the outcome given past exposure/measurement and
covariates) and propensity scores (i.e., the conditional probability of exposure/mea-
surement given the past). To respect our statistical model, machine learning is
often required for flexible, data-adaptive estimation of nuisance parameters. How-
ever, application of machine learning requires additional choices. For example, in
the ensemble algorithm Super Learner, we need to specify the candidate learners
(including their tuning parameters), the cross-validation scheme, and the loss func-
tion.[75, 76] After obtaining initial estimates of the nuisance parameters, there may
be additional decisions. For example, with practical positivity violations, we can
decide to truncate the estimated propensity scores at various levels.[65, 77] Finally,
there are a variety of options for statistical inference. For TMLE, for example, some
approaches for variance estimation are the non-parametric bootstrap, standard or
cross-validated estimates of influence curve, plug-in estimation of the variance, or
other doubly robust options.[6, 78, 79, 80, 7]

For our running examples, Table 1.3 provides an overview of the candidate
approaches that were pre-specified for objective comparison in simulations. In the
observational study, the candidate algorithms were longitudinal TMLE with vari-
ous implementations. For nuisance parameter estimation, Super Learner with and
without covariate screening as well as bounded or unbounded estimates of the propen-
sity score were considered. For statistical inference, candidates included Wald-Type
95% confidence intervals with variance estimated by the influence curve or the non-
parametric bootstrap. For the cluster randomized trial, we limited the candidate
algorithms to Two-Stage TMLE with the following specifications. For estimation of
the cluster-level endpoints accounting for missing outcomes, candidates were TMLE
using Super Learner, TMLE using parametric regressions, and the empirical mean
among those measured. For estimation of the intervention effect, candidates were
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TMLE with various approaches to covariate adjustment for precision gains.[78, 81].
Finally, candidates for variance estimation included standard or cross-validated es-
timates of the influence curve. We now discuss how to define the data generating
process for the simulation to formally evaluate the performance of these candidates.



Table 1.3: Overview of simulation setup and results for the two running examples.

Simulation specifica- | Observational study example | Randomized trial example
tions & results

Statistical estimation | The longitudinal G-computation | Two-Stage estimand with
problem* formula under practical positiv- | (1) differential missingness of

ity violations with a long-term
rare exposure, right-censoring,
and rare outcome + non-
parametric statistical model

individual-level outcomes; (2)
few clusters randomized; and
(3) the cluster as the indepen-
dent unit + semi-parametric
statistical model

Estimators compared®

Longitudinal TMLE with alter-

native approaches for

e Nuisance parameter estima-
tion using Super Learner
with/without covariate pre-
screening and with/without
truncation of the estimated
propensity scores

e Variance estimation:  influ-
ence curve vs. non-parametric
bootstrap

Two-Stage TMLE with alterna-

tive approaches to

(1) account for missing
individual-level outcomes:
the empirical mean, TMLE
with main terms regression,
or TMLE with Super Learner

(2) adaptively adjust to improve
precision: Adaptive Pre-
specification with a limited
vs. expanded adjustment set

(3) obtain inference with standard
or cross-validated estimates of
the influence curve [78, 41, 81]

L1



Data generation process

Outcome-blind simulations pre-
serving the baseline covariate
structure, while  simulating
exposure-censoring variables
with positivity challenges and a
synthetic outcome with a similar
marginal distribution as the
real-data

Treatment-blind simulations pre-
serving the covariate-outcome
data structure but randomly per-
muting the treatment indicator +
generation of outcome measure-
ment indicators by an indepen-
dent statistician

Performance metrics and
selection approach®

Over 1000 iterations,

(i) Select the approach for nui-
sance parameter estimation
that minimizes empirical vari-
ance and preserves Oracle cov-
erage

(ii) Given (i), select the approach
for variance estimation that
minimizes the estimated vari-
ance and preserves 95% confi-
dence interval coverage.

Over 1000 iterations,

(i) Select the approach for the
cluster-level endpoints result-
ing in nominal confidence in-
terval coverage for those end-
points and Type-I error con-
trol for the overall effect.

(ii) Given (i), select the approach
for effect estimation and vari-
ance estimation resulting in
optimal Type-I error control

Resulting primary analysis’

Longitudinal TMLE with Su-
per Learner with algorithm pre-
screening and without propen-
sity score truncation, with influ-
ence curve-based variance esti-

mation.[7, 42, 82

(1) TMLE with Super Learner
to flexibly estimate the cluster-
level endpoints, (2) TMLE with
Adaptive Pre-specification with
limited candidates to efficiently
estimate the intervention effect;
(3) variance estimation with the
cluster-level, influence curve

31



2See Table 1.1 for details. See the SAPs in the eAppendices for details, including the precise descriptions
of the candidate estimators (e.g., the library, loss-function, and cross-validation scheme for Super Learner),
performance metrics, and the primary analysis. “Targeted minimum loss-based estimation

61
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Defining the data generation process for the simulation

Thus far, the Roadmap has aided in defining the statistical estimation problem and
specifying the set of candidate algorithms for estimation and inference. Simulations
reflecting the real-data application can facilitate objective comparison and selection
between these candidates if we choose a data generating process that is close to the
real one. Concretely, application of the Roadmap highlighted several potential biases
and inferential threats in the running examples (Table 1.1). For the observational
study, we need to design a simulation with, at minimum, the same exposure/con-
founder/censoring structure and, therefore, the same practical positivity challenges
as the real-data. For the randomized trial, we need to design a simulation with,
at minimum, the same number of clusters, a similar distribution of participants per
cluster, and plausible missing data mechanism as the real-data. Given these specifi-
cations, several options exist.

Monte Carlo simulations, where we repeatedly sample from a known data gen-
erating process, are common and traditionally employ parametric models for data
generation.[83] Such parametric models often fail to reflect the complexities of the
real-data, especially in longitudinal or clustered data settings. Considering the limi-
tations of fully parametric simulations, plasmode simulations have gained popularity
and may be particularly useful for our focus: estimator selection after data have been
collected but before effect estimation. Plasmode simulations, as defined here, encom-
pass a range of semi-parametric methods that sample partially from the empirical
data distribution, while allowing for some user-specification.[65, 84]

There are various types of plasmode simulations. In “outcome-blind” plasmode
simulations, we preserve the relationships between the baseline covariates, while sim-
ulating the outcome (and other variables) through parametric or semi-parametric
methods (e.g., [61, 85, 62, 86]). In these simulations, the value of the (simulated)
effect is known, but we remain blinded to the true exposure-outcome relationship.
As described in Table 1.3 and Supplementary Material A, outcome-blind simulations
were conducted in the observational study by resampling the baseline covariates
from the empirical distribution and then applying highly adaptive LASSO to simu-
late the longitudinal exposures, censoring, time-varying covariates, and outcome.[87]
This approach preserves the complex relationships between baseline covariates, while
generating the remaining variables to reflect challenges in the real-data application
(e.g., poor data support due to the rare exposure, long-term follow-up, and strong
confounding).

“Treatment-blind” simulations are another plasmode simulation technique where
the covariate-outcome data are preserved but the treatment indicator is randomly
permuted.[81] As detailed below, treatment-blind simulations are particularly rele-
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vant for evaluating Type-I error control, because the null hypothesis is true by design.
As outlined in Table 1.3 and Supplementary Material B, such simulations were im-
plemented in the trial example by randomly shuffling the treatment indicator and
imposing missingness on outcomes through a measurement indicator, which was gen-
erated by an independent statistician and as a function of the baseline cluster-level
and individual-level covariates, the permuted treatment indicator, and time-varying
covariates. This simulation approach preserves the covariates and underlying out-
come, while facilitating a rigorous comparison of alternative approaches and their
potential to reduce bias due to differential outcome measurement and improve effi-
ciency through covariate adjustment, as described next.

Specifying the performance metrics and selection approach

Once we have the set of candidate estimators and data generating process for the
simulations, we need to pre-specify the performance metrics and process to objec-
tively compare the candidates. In Table 1.5, we review some common metrics, such
as the bias and variance of the point estimates as well as 95% confidence interval
coverage (i.e., the proportion of calculated confidence intervals that contain the true
effect). To compare estimators in a way that is agnostic to the variance estimator
and evaluate the extent to which an estimator’s bias is negligible, we can use “Oracle
coverage” | where the 95% confidence intervals are calculated using the variance of
the point estimates across the simulation iterations, instead of the estimated vari-
ance. In simulations to inform randomized trials, common metrics include statistical
power (i.e., the proportion of times the false null hypothesis is rejected) and Type-I
error control (i.e., the proportion of times the true null hypothesis is rejected). We
may additionally be interested in estimating the potential savings in sample size
to achieve the same power.[88, 85, 81] Finally, we pre-specify the selection process
for objectively choosing the best-performing candidate and, thereby, the primary
analytic approach.

Table 1.5: Examples of performance metrics to use in simulations to inform real-data
analyses.
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Performance metric

Calculation

Relevance

Bias (point estimates)

The average difference
between the point esti-
mate and the target ef-
fect across the simulation
iterations

What is the accuracy of
the estimator?

Variance (point estimates)

The variance of the point
estimates across the sim-
ulation iterations

How precise is the esti-
mator?

Mean-squared error

The average of the
squared differences be-
tween the point estimate
and target effect (equiva-
lent to Bias?+variance)

What is the variability of
the estimator around the
target effect?[59] (Akin
to asking how is the esti-
mator balancing bias and
variance?)

Bias-variance ratio

Ratio between the bias
and variance

Is the estimator’s bias
disappearing at a fast
enough rate relative to its
variance?

Variance to estimated

variance ratio

Ratio between the vari-
ance of the point esti-
mates and the average
variance estimate

Is the variance being
over- or under-estimated?

Oracle coverage

The proportion of 95%
confidence intervals, cal-
culated with the variance
of the point estimates,
containing the target ef-
fect

Is the bias in the point
estimates impacting the
estimator’s confidence
interval coverage?

Confidence interval cover-
age

The proportion of 95%
confidence intervals, each
calculated with the esti-
mated variance, contain-
ing the target effect

Does the approach for
estimation and inference
result in valid inference?

Power

The proportion of sim-
ulation iterations where
the true null hypothesis
is rejected

Will the approach for
estimation and inference
identify an effect when it
exists?

Type I error

The proportion of sim-
ulation iterations where
the true null hypothesis
is rejected

Will the approach for es-
timation and inference
lead to the incorrect con-
clusion of an effect when
none exists?
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For the running examples, Table 1.3 provides the performance metrics, selection
process, and final estimator. In both studies, selection was a two-step process, im-
plemented in R, and with 1000 simulation iterations. In the observational study,
the optimal approach for nuisance parameter estimation was first selected to min-
imize the empirical variance but preserve Oracle coverage. Then given this choice,
the optimal approach for inference was selected to minimize the variance estimate
but preserve 95% confidence interval coverage. In the randomized trial, the optimal
approach for estimating the cluster-level endpoints accounting for missing outcomes
was based on attaining nominal confidence interval coverage for those endpoints and
Type-I error control for the intervention effect. Then given this choice, the optimal
approach for estimation and inference for the intervention effect was selected to max-
imize precision without sacrificing Type-I error. Estimation approaches with good,
but not optimal, performance were then pre-specified as sensitivity analyses.

1.5 Fostering transparent and reproducible
research

Informed by the Roadmap, we have conducted a simulation study, reflecting the
real-data application and facilitating objective comparison of various approaches for
estimation and inference. Specifically, we pre-specified our candidates, the data gen-
erating process, the performance measures, and the selection scheme. With this
simulation study, we have a responsible and “hands-off” approach to selecting the
best estimator and, thus, the primary analytic approach for our real-data application.
The corresponding statistical analysis plans for the running examples are given in
the Appendices and include the design and results of the simulation study. As illus-
trated in Table 1.1, interpretation of the study results must account for the statistical
assumptions of the selected estimator as well as the plausibility of the identifiability
assumptions. Altogether, our approach facilitates objective selection and implemen-
tation of the best analysis to answer our research question, while protecting research
integrity by ensuring we remain blinded to the true causal effect. Importantly, our
approach is in line with regulatory guidelines to update the statistical analysis plan
based on a blinded review of the data.[28§]

Our proposed process has several consequences for improving research trans-
parency and reproducibility. First, the simulation leads to a fully pre-specified sta-
tistical analysis plan, where analytic decisions are clearly stated and can be critically
evaluated. Second, conducting the simulation requires implementing all candidate
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estimators in computing code. Thus, these simulations serve as an invaluable tool
for debugging code and identifying potential issues (e.g., lack of convergence due to
rare outcomes) that may arise in the real-data application. Uploading the computing
code and results from both the simulation study and real-data analysis to an online
repository, such as GitHub, and including detailed explanation through a markup
language further improves reproducibility, trust, and open science.

1.6 Discussion

For real-data analyses, we have outlined how simulations can guide the objective
selection of the optimal approach for estimation and inference and, thus, full pre-
specification of the statistical analysis plan. Anchored on the Roadmap, these sim-
ulations are designed with our research question at the forefront and to explore the
primary concerns of the real-data application. The results of the simulation may
ultimately reveal that it is not feasible to reliably estimate the statistical estimand
of interest. In such cases, we may need to return to early steps of the Roadmap and
modify the research question and causal estimand to accommodate the limitations
in the real-data.[65]

Further guidance is needed, and our presentation has limitations. First, we
focused on plasmode simulations and did not cover alternative approaches, which
might be needed if the real-data are not available or only partially available. Addi-
tionally, we emphasized the need to emulate the real-data closely, but did not discuss
how to assess the quality of the emulation. It is worth noting that creating simulated
data that are “too close” to the true distribution can inspire fears of data “snoop-
ing”;[89] pre-specification and code-sharing can help alleviate these fears. Third, our
presentation did not cover practical implementation, such as how to vary simulation
parameters, determine the number of iterations, and parallelize; we refer to Morris et
al.[43] for an excellent overview of these and other considerations. Additional prac-
tical details on the projects inspiring our running examples are available in Nance
et al.[63] and Balzer et al.[90]. Fourth, while our worked examples incorporated
common challenges, including confounding, dependence, and missing data, they did
not cover other concerns like generalizability, transportability, and partial identifica-
tion in detail.[91, 92, 93, 94, 95| Finally, we have presented a two-step process for
estimator selection and implementation: (1) conduct a realistic simulation study to
objectively compare pre-specified estimators according pre-specified metrics, and (2)
implement the optimal estimator (as defined by the simulation study) for the real-
data analysis. Alternative approaches, such as auto-TMLE, are being developed to
dynamically evaluate estimators in simulations and implement the optimal estimator
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in a single step.[96, 97|

Altogether, we believe simulations, anchored on the Roadmap, are an indis-
pensable and under-utilized tool for the objective comparison of approaches for es-
timation and inference in real-data applications. They are a crucial alternative to
the status quo: naively applying a preferred algorithm or trying several algorithms
and selecting the “best” in an ad hoc manner. Instead, our approach provides a
formal framework for comparative assessment of alternative strategies for estimation
and inference, pre-specification of the corresponding statistical analysis plan, and
generating quality-controlled computing code. Our approach strives to improve the
transparency, rigor, and reproducibility of real-data analyses in epidemiology and
beyond.
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Supplemental Material A

Causal effects of SGLT2 inhibitor use on renal disease in a
population of adults with diabetes

EXAMPLE STATISTICAL ANALYSIS PLAN
v1.1

This analysis plan is inspired by work from the Joint Initiative for Causal Inference (JICI) and
follows the Roadmap for Causal and Statistical Inference." The analysis that inspired this work
can be found on arxiv (2310.03235).2 Part of the example analytic approach also inspired by
work with Dr. Romain Neugebauer at Kaiser Permanente Northern California Division of

Research.
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Research question

What is the effect of sustained exposure to SGLT2 inhibitors (a class of diabetes drug) over time
on chronic kidney disease (CKD) among a cohort of patients with diabetes in an integrated
health system in the US?

Causal model

We define the following endogenous nodes for time t=1,...,K+1:

X = {L(), At)}

where:

K+1 is the maximum follow up time of two years. (We explicitly define the time discretization in
the Observed Data section below.)

AD)=(Aq(t), C(1))

e A, t)is SGLT2i use at time t
e (C(t) is censoring indicator by time t

L(t)=(L4(1),Y(t))
e L ,(0) defines the baseline covariates are at t=0 and includes age, sex, education,
income, neighborhood deprivation index
e L,(t) defines the time-varying covariates at time t and includes insulin use, cardiovascular
disease (e.g., ischemic heart disease, myocardial infarction), hypertension
e Y(t) is the outcome, chronic kidney disease, by time t

And exogenous error:

U = (UA(t), UL(t)) for all t

Structural equations are as follows:

L) = f (At -1, LE-D U ) t=1.K+1
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A®) = f, @A =1 LO, U,
where the overbar denotes the history of the variable

), t =1, K

Causal effect of interest

The counterfactual difference in the risk of CKD between exposure to SGLT2 vs no
exposure to SGLT2 over time

(a) Treatment regimes of interest
Our treatment regimes of interest correspond to sustained SGLT2 use (&1 = 1) throughout

follow-up, compared to sustained non-use (a_1 = 0) throughout follow-up. In both regimes of

interest, we consider a hypothetical intervention to prevent censoring ¢ = 0.

(b) Counterfactual outcomes of interest

Our counterfactual outcomes of interest are the time to CKD under each possible longitudinal
intervention to set SGLT2 use (and prevent censoring):
Y @, t=1,.,K+1

a =a, c=0

Wherea € A = {0,1}

(c) Target causal parameter
The primary causal estimand is the difference in the two-year, counterfactual risk of renal

disease under sustained use of SGLT2 versus no use throughout follow up:
ElY; =1,E=o(t)] - Elr; =0,E=0(t)]

at time t=(K+1) corresponding to the maximum follow-up time of two years.

We are also interested in contrasting the two-year counterfactual survival curves over time.
Therefore, .
we will visualize the counterfactual curves by plotting the counterfactual risk at each time point t,
over time for each level of the exposure

E[y&1:1,E=0(t)] 'E[Yalzo,c’:o(t)]' t=1.,K+1

We will then contrast the areas under these curves by summing the causal risk differences

across time:
K+1

t§1 [E[Y&l=1’5=0(t)] - E[Y&1=0’E=O(t)]]
We will test this against the hypothesis that the differences are equal to zero using a variance
estimate derived by the delta method.
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Observed Data
Study population

We will collect data on a retrospective cohort of adult (age 18 years or older) patients with type Il
diabetes and who have initiated any second-line regimen by 2014 or later. Specifically, we will
extract patient data from electronic medical records from a large integrated healthcare system in
the United States, spanning across 4 sites in three different states. Patients will be excluded if
they have evidence of prior CKD diagnosis. Index date for cohort entry will be defined as the
date of switch to second-line regimen, among persons meeting all other inclusion criteria.

Observed Data structure

Individual level data from this retrospective cohort can be described by a general longitudinal
data structure, denoted as:

0 = (L(0), A0), .., L(K), A(K), L(K + 1)) ~P €M

where L(0) and A(0) are baseline covariate and exposure measurements, respectively (defined
explicitly below). Time is discretized into 60-day intervals, and data are collected until a
maximum time of t=K+1, where K+1 is the maximum follow up time of two years or twelve
60-day intervals [i.e., K=11].

A(t): Time-varying intervention variables, t=0,...,K

Our intervention variables will include the time-varying exposure of use of SGLT2 inhibitors and
the time-varying censoring variable:

A = (A0, C®)

A, (t) takes the value of 1 when on SGLT2, and 0 when not on SGLT2. This will be

operationalized as any use (from one day up to 60 days) of the corresponding drug during the
interval.

C(t) denotes administrative end of follow up and death. This is a time-varying variable and will
take the value of O prior to censoring, and 1 at and after the time of censoring. Administrative
censoring date will be defined as December 31, 2023. Death will also be considered a
censoring event, and is, thus, also included in C(t). All-cause mortality will be measured through
state death certificates.



30

L,(t): Time-varying covariates of interest, t=0,...,K+1

Time-varying covariates will be measured at the start of each interval and defined as an
indicator of presence at start of time t; each covariate takes the value of zero until evidence of
the condition or medication is present in the time interval, at which point the covariate takes the
value of one for the remainder of follow-up. L,(t) variables will include diagnoses and medication
covariates. These variables include: insulin use (medication NDC codes), cardiovascular
disease (ICD-10 diagnosis codes, medication NDC codes; ischemic heart disease, myocardial
infarction), hypertension (ICD-10 diagnosis codes, medication NDC codes).

In addition, for the baseline time point t=0, L;(0) includes the following measured baseline
covariates: age, sex, education, income, neighborhood deprivation index.

For t=1,...,K, L(t) also includes the time-varying outcome Y(t), defined below. i.e.,

L@®) = (L,@®) Y(®)

Y(t): Outcomes of interest (included in L(t))

The outcome Y will take the value of O prior to onset, and jump to 1 in the time bin immediately
following that which they develop the outcome, and and remain at 1 deterministically for the
remainder of follow up. We define Y(t) to be CKD diagnosis by time t, defined by either of the
following criteria:

1) CKD diagnosis, measured through inpatient diagnosis code; or

2) glomerular filtration rate (GFR) lab results strictly less than 60 mL/min.

Identifiability

Sequential Randomization Assumption
Y&:a,é:O(t) AL A(t)‘f’(t)v‘/i(t - 1)7t = 07 R ] K

Holds if for each intervention node A(t), the measured past is sufficient to block all back door
paths from A(t) to Y(k) for t<k< K+1. In particular, for this application, we are particularly
concerned with time invariant and time varying variables that affect the decision to modify
SGLT2 and affect (or predict) CKD, as well as censoring events (death, administrative end of
study).
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Positivity assumption
Need some positive probability of continuing to follow the regime of interest at each time point,
given covariates:

PA(t) = a(®)]A(t — 1) =a(t — 1), L(t)) > 0, t =1, .. K a.e

Statistical model and estimand

Here, our statistical model M is nonparametric (making no assumptions set of possible observed

data distributions). For the final time point (t=K+1) and a given exposure/censoring level a, our
statistical estimand is the iterated conditional expectation implementation of the g-computation
formula®*:

E(Y.(K + 1)) = E[E[..E[E[Y_(K + DIL (K),AK) = a()]|L(K — 1), A(K — 1) =a (K — 1)] .. IL,]]

Where a , used for notational convenience, represents our regimes of interest and contains both
treatment cfl and censoring c.
Taking the difference of E(Y& (K + 1)) with and without sustained SGLT2 use (and intervening

to prevent censoring) provides our primary statistical estimand, corresponding to the two-year,
counterfactual risk difference under the identifiability assumptions. Then summing the difference
between the counterfactuals of interest (see section “Causal effect of interest”, subsections b
and c) for all time points provides our contrast of the estimated survival curves.

Estimation

We will utilize simulations (detailed below) to select the optimal estimation method, including
nuisance parameter estimation and variance estimation. To estimate our parameter of interest,
we will use longitudinal TMLE® with Superlearner” as implemented via the “Itmle” R package®.

Simulation study implementation

Prior to analyzing the registry data and finalizing this statistical analysis plan, we conducted a
simulation study to assess estimator performance, benchmark computation time, and finalize
the coding of the TMLE implementation for both point estimation and inference.

We created longitudinal exposure, censoring, outcome and covariate data guided by the
Observed Data description above. To generate realistic data, we sampled from the empirical
data distribution of the following baseline covariates: age, sex, education, income, neighborhood
deprivation index. We additionally simulated longitudinal exposure, censoring, as well as the
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time-varying covariates and outcome. Time-varying covariates included insulin use,
cardiovascular disease, (ischemic heart disease, myocardial infarction), and hypertension. For
each time point, the past history was used to predict the current time point, consistent with our
structural causal model. We utilized highly adaptive LASSO (HAL) models for the prediction.®
For this reason, HAL models were removed from the candidate algorithm set.

We simulated 70k patients per each dataset, and created 1,000 datasets. With each simulated
dataset, we used longitudinal TMLE to estimate the statistical parameter (using the longitudinal
g-formula), comparing sustained SGLT2 usage to sustained non-usage over time, using 60-day
time discretization and a 2-year follow-up. We simulated the truth via large-sample (n=1000000)
Monte Carlo Method simulation, setting the exposure to the desired counterfactual levels of
interest.

Within each estimator, we considered a broad selection of algorithms to be chosen by a discrete
SuperLearner algorithm for nuisance parameter estimation: GLM, penalized regression,
generalized additive models, gradient boosting models, and neural networks.

With the simulation, we compared the following specifications:

Point estimation:
e \We evaluated the performance of the longitudinal TMLE estimator
e \We evaluated nuisance parameter estimation with discrete SuperLearner with and
without pre-screening for covariates
o For algorithms without built-in covariate selection (e.g., logistic regressions and
generalized additive models), we included versions adjusting for all covariates as
well as versions adjusting for covariates prescreened via likelihood ratio tests to
avoid overadjustment with covariates not related to the outcome.
o By default the ltmle package truncates the estimated propensity scores at the
bounds: [0.01,1.0]. We compared TMLEs with and without this bounding.
e We compared strategies using the negative log-likelihood loss function in SuperLearner

Variance estimation:
e We chose between the empirical variance of the influence curve and nonparametric
bootstrap. In all cases, we will use the resulting variance estimate to create Wald-Type
95% confidence intervals.

We compared possible strategies for estimation and inference with the empirical variance
across the simulations, oracle coverage (i.e. coverage obtained with the empirical variance) ,
estimated variance, and 95% confidence coverage (i.e., coverage obtained with the estimated
variance). First, we chose the strategy for point estimation that resulted in the lowest empirical
variance, while maintaining nominal oracle coverage (i.e., close to 95%). Then, we selected the
strategy for variance estimation that resulted in the most precise confidence intervals (i.e.,
smallest variance estimate), while maintaining nominal confidence interval coverage.
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Simulation study results & Pre-specified estimation

Longitudinal TMLE with SuperLearner and covariate screeners had better oracle coverage and
lower empirical variance than longitudinal TMLE without covariate screening. There was no
meaningful difference in the performance of the TMLEs with and without truncation of the
estimated propensity scores; so we chose untruncated results. For estimating the variance of
the selected TMLE (with screeners and without propensity score truncation), the empirical
influence curve (IC) and nonparametric bootstrap had similar 95% confidence interval coverage;
so we chose IC for computational ease.

The final estimation selection is longitudinal TMLE with a discrete SuperLearner (with candidate
algorithms GLM, penalized regression, generalized additive models, gradient boosting models,
and neural networks) with algorithm pre-screening and no propensity score truncation, with
empirical IC for variance estimation.

Interpretation

If identification assumptions are met, we will interpret the causal parameter both over time and
as a cumulative measure (i.e. at time t=12):

- After accounting for measured time-varying confounders, the counterfactual survival
curves comparing sustained SGLT2 use vs no SGLT2 use over two years were/were not
significantly different

- After accounting for measured time-varying confounders, two years of continuous use of
SGLT2i was shown to decrease (or not) the risk of renal disease onset by X%

Version history

e Version 1.0: We pre-specified the simulation study to objectively select the primary
analytic approach (see section, “Simulation study implementation”.

e \Version 1.1 (this version): We included the section, “Simulation study results &
pre-specified estimation”, containing results from the simulation.
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Supplementary Material B

Example Statistical Analysis Plan (SAP)
inspired by the SEARCH-Youth Study

Laura B. Balzer
With the SEARCH-Youth Study Team

SEARCH-Youth was a cluster (clinic) randomized trial evaluating the effect of a multicomponent
intervention on HIV viral suppression among adolescents and young adults (15-24 years) with
HIV in rural Uganda and Kenya (Clinicaltrials.gov: NCT03848728). The results of the trial can be
found at Ruel et al." with corresponding Statistical Analysis Plan (SAP) in Balzer et al.? In the
following, we present a simplified SAP, anchored on the Causal Roadmap and inspired by the
primary endpoint in the SEARCH-Youth study. We again refer the reader to " for more
information about the study and the actual SAP, including additional details for the primary
analysis, secondary endpoints compared between arms, implementation outcomes, descriptive
statistics, and power calculations. We gratefully acknowledge the SEARCH-Youth study team.
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Roadmap Step 1: Research question

The SEARCH-Youth trial is designed to evaluate the effect of a multi-level, combination
intervention on viral suppression (HIV RNA<400 c/mL) at two-years among adolescents and
young adults (15-24 years) with HIV and in care at government-sponsored health clinics in rural
western Kenya and southwestern Uganda. Since the intervention involves changes in clinical
practice, the unit of randomization is clinics: 14 intervention and 14 control, balanced on
country. Participants randomized to intervention clinics are offered life-stage assessments,
flexible care access, and rapid feedback of viral suppression status. Providers at intervention
clinics have a secure WhatsApp platform for inter-provider consultation. Participants and
providers at control clinics follow the standard-of-care. Our primary research question is “what is
the effect of the SEARCH-Youth intervention on viral suppression (HIV RNA<400 c¢/mL) at two-
years of follow-up?”

Roadmap Step 2: Causal model

At enroliment, we measured the following baseline characteristics: age, gender, education
attained, marital/partnership status, alcohol use, mobility, antiretroviral therapy (ART)
combination, viral suppression status, and HIV care status (recently engaged, previously
engaged, or re-engaging in care). Let W denote these characteristics for a given participant.
Additionally, let E€ denote clinic-level, baseline characteristics, such as country, the number of
persons 15-24 years in HIV care, and the proportion with viral suppression among those
engaged at baseline. Let A€ be a clinic-level indicator of being randomized to the intervention.
Throughout superscript ¢ denotes cluster-level variables.

During endpoint data collection, we will ascertain whether the participant has outmigrated M,
defined as moving =3 hours traveling distance from the study clinic. As detailed in the Study
Protocol, we will attempt viral load measurement — via clinic-based ascertainment or
community-based tracking — regardless of outmigration status. Let 4 be an indicator of HIV
RNA (i.e., viral load) measurement at endline for a given participant. Finally, Y be an indicator of
viral suppression at two-years. Specifically, Y is

e 1 if the participant’s endline viral load is <400 ¢/mL

e 0 if their endline viral load is =400 c/mL

e otherwise missing.

Using the following hierarchical, non-parametric structural equation model,>* we represent the
relationships between these variables. Throughout, bold denotes matrices or vectors of the
individual-level variables across participants in a given cluster.

E€ = fge(Uge)

W = fw(ES, Uw)

A€ = fae(Uge)

M = fy(E€,W,A°,Uy)

A = fy(ES,W,A°,U,)

Y = fy(E€,W,A°, M, A, Uy)
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By design the unmeasured factors contributing the intervention assignment U ,c are independent
of the others. This causal model represents the data generating process for a clinic. Importantly,
this causal model allows for arbitrary dependence within a cluster.

Roadmap Step 3: Causal effect

Let Y;°(a‘) denote the counterfactual proportion of participants with viral suppression at two-
years if possibly contrary-to-fact clinic i were randomized to arm A€ = a‘¢. To increase
interpretability and precision, the primary effect measure will be for the N = 28 clinics in the trial

(i.e., the sample effect).>® Specifically, we focus on the sample prevalence ratio

(1) + @(0) = y T, V(1) + 5 TIL, Y°(0)

In secondary analyses, we will evaluate the sample average treatment effect (SATE): (1) —
®(0).%% In additional secondary analyses, we will include weights in these empirical means to
weight individuals (instead of clinics) equally, as detailed in Benitez et al.”

Roadmap Step 4: Observed data and statistical model

The observed data for each clinic are denoted 0 = (E€,W, A°, M, A,Y) and are assumed to arise
from a data generating process compatible with the prior causal model (Roadmap Step 2). The
resulting statistical model for the set of possible observed data distributions is semi-parametric.
We know that with probability 0.5 a given clinic is either intervention or control: P(A¢ = 1) = 0.5.

Roadmap Steps 5 & 6: Identifiability, estimation, and inference

The primary approach will be Two-Stage TMLE, which is appropriate for cluster randomized
trials with missing outcomes.?® In Stage-I, we first identify and estimate a cluster-level endpoint
that accounts for missingness/censoring at the individual-level. Then in Stage-Il, we use the
endpoint estimates to evaluate the cluster-level effect with maximum precision, while accounting
for limited numbers of clusters (i.e., small sample size). As detailed in Balzer et al.,® the Two-
Stage approach lets the measurement mechanism vary by cluster and circumvents complicated
estimands from the missing data equivalent of time-dependent confounding. Furthermore, the
Two-Stage approach enables us to focus our Stage-Il efforts on empirical efficiency
maximization.

Stage-I: Identification & Estimation

In the primary analysis, we will include all participants and adjust for potentially differential
measurement of viral suppression status.' To identify the cluster-level endpoint under a
hypothetical intervention to ensure complete outcome measurement, we need the following
missing-at-random assumption to hold within each cluster. Specifically, within values of

Note in the actual SEARCH-Youth study, the primary endpoint considered missing endpoints to be
failures (i.e., as unsuppressed); this is discussed in sensitivity analysis #2, described below.
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adjustment variables, we will assume that participants with measured viral loads are
representative of participants with missing viral loads within that cluster. Our adjustment set will
consist of age, sex, baseline suppression status, and the time-varying indicator of outmigration.
Therefore, our statistical estimand is
Y€ = E[E(Y|4 =1, W, M)]

The cluster-level covariates E€ and exposure A€ are constant in each cluster and, thus, omitted.
For the cluster-level endpoint Y¢ to be well-defined, we need an additional assumption on data
support:

P4 =1|W,M) >0, a.e.
In words, we need a positive probability of viral load measurement within all possible values of
adjustment variables (in each cluster).

For estimation of the cluster-level endpoint Y¢, we will implement targeted minimum loss-based
estimation (TMLE).%"° To reduce the risk of bias due to parametric modeling assumptions and to
improve efficiency, we will use Super Learner, an ensemble machine learning method, to
combine predictions from generalized linear models, generalized additive models, and the mean
through 10-fold cross-validation and the non-negative least squares loss." We will implement
TMLE with Super Learner in each cluster separately and, thus, N=28 times to obtain cluster-

level endpoints ?ic for each clinici = 1,...,N.

We will conduct two sensitivity analyses to examine the robustness of our findings:

1. Excluding participants without an endline viral load measure

2. Including all participants, but considering missing viral loads as non-suppressed
The first sensitivity analysis is sometimes called a “complete-case analysis” and relies on the
missing-completely-at-random (MCAR) assumption. Under the MCAR assumption, we can
estimate the clinic-level endpoint Y¢ with the raw proportion among those measured. The
second sensitivity analysis considers a composite outcome and is not subject to missingness.
Therefore, we can again estimate the clinic-level endpoint Y¢ with the proportion with viral
suppression (among all participants).

Stage-Il: Identification and Estimation

Given the estimated cluster-level endpoints ?l-c fori =1,...,N from Stage-I, we will then
evaluate the intervention effect with a cluster-level TMLE. At the cluster-level, there is no
confounding or missingness. Therefore, we can easily identify and estimate the causal effect of
interest (Roadmap Step 3) by contrasting the average of the cluster-level endpoints between
arms. This unadjusted prevalence ratio will be used in a sensitivity analysis.

In the primary analysis, we will adjust for baseline covariates to improve efficiency, as
repeatedly demonstrated.'>2° In other words, our statistical estimand for Stage-l| is given by
W(1) +¥(0) = - XN, E(YC|AC = 1L,ES, W) +~ XL, E(YC|AC = 0,E€, W)
where W¢; denote aggregates of individual-level baseline covariates. We will use TMLE with
Adaptive Pre-specification (APS) for estimation and inference. APS is a formal procedure to

data-adaptively choose from a pre-specified set the adjustment variables that maximize
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empirical efficiency, while protecting Type-I error control.”~%2'22 Our candidate adjustment
variables will be the clinic-specific number of adults 15-24 years in HIV care at baseline, the
clinic-specific proportion with viral suppression among those engaged at baseline, or nothing
(unadjusted). Our candidate estimation algorithms for the outcome regression E(Y€|A€, E€,W¢)
will be limited to working GLMs"® adjusting for at most of covariate. Our candidate estimation
algorithms for the known propensity score P(A¢ = 1|E€, W¢) will also be limited to working
GLMs adjusting for at most of covariate. Using leave-one-out cross-validation, we will then
select the combination of estimators and, thus, the TMLE that minimizes the cross-validated
variance estimate.

Statistical Inference

Under the conditions detailed in Balzer et al.,® Two-Stage TMLE will be an asymptotically linear
estimator, meaning that it will be normally distributed in the large data limit. Informally, these
conditions require that the cluster-level endpoints are estimated well in Stage-Il. For variance
estimation, we use the sample variance of the estimated, cluster-level, influence curve. As a
finite sample approximation to the standard normal distribution, we will use the Student's t-
distribution with 28-2=26 degrees of freedom.?

Using a two-sided test at the 5% significance level, " we will formally test the null hypothesis that
the SEARCH-Youth intervention did not impact viral suppression, as compared to the standard-
of-care. We will report point estimates and 95% confidence intervals for the arm-specific
endpoints as well as the relative and absolute effects.

Roadmap Step 7: Interpretation

We will interpret the effect analyses in light of our missing data assumptions and the
randomization of the intervention. In the actual SEARCH-Youth Study, Ruel et al. concluded,
“The mean proportion of participants with virological suppression at 2 years was 88% (95% ClI
85-92) for participants in intervention clinics and 80% (77—84) for participants in control clinics,
equivalent to a 10% beneficial effect of the intervention (risk ratio [RR] 1.10, 95% CI 1.03—-1.16;
p=0.0019).”"

i Note in the actual SEARCH-Youth study, the pre-specified hypothesis test was one-sided,
corresponding to the null hypothesis of no improvement in viral suppression due to the intervention.
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How simulations informed this SAP

Prior to unblinding the data, we pre-specified and conducted the following treatment-blind
simulations to select the primary analytic approach that strictly controlled Type-| error. As a
secondary criterion, we evaluated 95% confidence interval coverage for the cluster-level
endpoints Y.

Treatment-blind simulations with dependent and missing outcomes

Recall the individual-level outcome Y is subject to missingness but the true measurement
mechanism is unknown. To evaluate estimator performance with simulations, we re-defined the
outcome Y to be 1 if the participant’s endline viral load was <400 ¢/mL and 0 otherwise
(including endline viral load =400 c/mL or missing). Then we generated 1000 plasmode
datasets as follows. We preserved the real covariate and (redefined) outcome data, but
randomly permuted the treatment indicator A€ across clusters. Then an independent statistician
simulated individual-level, measurement indicators 4 as a function of the baseline cluster-level
and individual-level covariates, the permuted exposure, and time-varying covariates. The
primary statistician (LBB) was blinded to the functional form of the measurement mechanism. In
the simulation, the (redefined) outcomes were set to missing if the simulated measurement
indicator 4 was 0. Using these simulated datasets, we compared various implementations of
Two-Stage TMLE, as follows.

First, we focused on Stage-I| estimation of the cluster-level endpoint Y¢ = E[E(Y|4 = 1, W, M)
and compared
e The empirical mean (i.e., the unadjusted proportion with the outcome among those
measured)
TMLE with main terms regression for nuisance parameter estimation
TMLE with Super Learner (combining predictions from generalized linear models,
generalized additive models, and the mean with 10-fold cross-validation and non-
negative least squares loss) for nuisance parameter estimation
For all, we fixed our approaches to Stage-2 estimation to the unadjusted effect estimator and for
variance estimation to the standard, cluster-level influence curve (IC). This allowed us to
evaluate the potential for alternative Stage-l approaches (both identifiability assumptions and
estimators) to reduce bias due to differential outcome measurement.

To evaluate these approaches, we calculated the proportion of simulated datasets where the
95% confidence interval excluded the null (equivalent to the Type | error rate). As expected,
only flexible adjustment for missing outcomes using TMLE with Super Learner in Stage-I
preserved the Type-l error rate at < 5% (Table 1). Additionally, in these simulations the true
values of the cluster-level endpoints Y€ in the absence of missingness were known; therefore,
we also verified this approach resulted in nominal-conservative 95% confidence interval
coverage for the cluster-level endpoints.

Second, we focused on Stage-Il estimation of the intervention effect ¥ (1) =~ ¥ (0) and compared




e TMLE with “limited APS” where candidate estimators were limited to working GLMs
adjusting for at most a single covariate®'
e TMLE with “expanded APS” where candidates including worked GLMs adjusting for a

single covariate, working GLMs adjusting for multiple covariates, penalized regression,

and the unadjusted estimator®
e Standard versus cross-validated estimates of the cluster-level IC for variance

estimation?’

For all, we fixed our approach to Stage-| estimation of the cluster-level endpoints as TMLE with
Super Learner. This allowed us to evaluate the potential efficiency gains through data-adaptive

adjustment for baseline covariates in Stage-lIl, after appropriately addressing missing data in
Stage-l. As shown in Table 2, the limited APS implementation in Stage-Il and the standard IC
approach to variance estimation resulted in the best Type-I error control.

Thus, we settled on the following implementation of Two-Stage TMLE as the primary analytic
approach: Stage-l estimation using TMLE with Super Learner, Stage-Il estimation with TMLE
using limited APS, and variance estimation with the standard IC approach. Two-Stage TMLE
with the unadjusted effect estimator in Stage-Il was a pre-specified secondary analysis.

Stage-l estimation Stage-ll Variance Type-l error rate 95% CI
estimation estimation for (1) ~ ¥(0) | coverage for Y¢
Simple mean Unadjusted Standard IC 11% 80%
TMLE with main Unadjusted Standard IC 8% 83%
terms regression
TMLE with Super Unadjusted Standard IC 3% 96%
Learner

Table 1: Hypothetical simulation results when comparing Stage-| estimators of the

cluster-level endpoint Y¢. All approaches used the unadjusted effect estimator in Stage-Il

and the standard influence curve (IC)-based inference.

Stage-l estimation Stage-ll Variance estimation Type-l error rate
estimation for (1) - ¥(0)
TMLE with Super Learner Limited APS Standard IC 5%
TMLE with Super Learner Limited APS Cross-validated IC 2%
TMLE with Super Learner Expanded APS Standard IC 10%
TMLE with Super Learner Expanded APS Cross-validated IC 7%

Table 2: Hypothetical simulation results when comparing Stage-Il estimators of the

intervention effect ¥ (1) + ¥ (0) and approaches to variance estimation. All approaches

used TMLE with Super Learner in Stage-I.
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History of changes

e Version 1.0: We pre-specified the simulation study to objectively select the primary
analytic approach: data generating processes, candidate estimators, and estimation
metrics.

e Version 2.0 (this version): We included the results of the simulation study and pre-
specified the primary and secondary/sensitivity analyses.
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Chapter 2

Applying the Causal Roadmap to
longitudinal national Danish
registry data: a case study of
second-line diabetes medication
and demential

LAt the time of dissertation submission, this article was being resubmitted with revisions per
request of the Journal for Causal Inference. Coauthors of the article include: Andrew Mertens,
Thomas Gerds, Zeyi Wang, Christian Torp-Pedersen, Mark van der Laan, Kajsa Kvist, Theis
Lange, Bochra Zareini, Maya Petersen.
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2.1 Introduction

There has been a significant increase in the amount of existing observational or “real
world” health data both collected by and aggregated for researchers over the past
decades. This type of data has become increasingly important in medical decision-
making, as it allows researchers to answer questions that would not be feasible to
address in a randomized trial due to financial constraints, ethical considerations,
or logistical challenges. Electronic health record databases, with their large sam-
ple sizes and long follow-up times, enable the study of rare outcomes, and realistic
treatment usage. However, because observational data are particularly susceptible
to confounding, real-world evidence is often used only for associational analyses and
causal claims are discouraged. [98, 99, 100] Further, while measured confounders can
be adjusted for, standard statistical estimation approaches that rely on pre-specified
parametric models may fail to fully adjust for measured confounders (introducing
bias that does not decrease with greater sample size), while ad hoc model adaptation
based on data exploration undermines the basis of robust statistical inference.[6]

The Causal Roadmap provides a structured framework for navigating these
challenges and generating robust evidence for causal questions, when appropriate as-
sumptions are met.[24] Specifically, the Causal Roadmap provides guidance for the
following steps: 1) translation of a causal question, such as the comparative effective-
ness of two longitudinal treatment protocols, into a formally defined causal estimand;
2) explicit statement of the observed data and knowledge about the processes that
gave rise to it (causal model); 3) identification, or the formal translation of the causal
estimand (which describes an ideal hypothetical experiment) into a statistical esti-
mand (a function of the observed data distribution that can be estimated) under
explicit causal assumptions; 4) pre-specification of a statistical model that avoids
any unsubstantiated statistical assumptions, and a statistical estimator selected to
provide the best expected performance (e.g., nominal 95% CI coverage, minimum
variance); and 5) support for interpretation in the context of these assumptions,
including sensitivity analyses.

Large, comprehensive, and representative longitudinal datasets like national
registries offer advantages for evaluating causal effects by allowing for generaliz-
able study populations and investigation of the real-world effectiveness of long-term
treatments on rare outcomes. Their use also introduces challenges, making imple-
mentation of the Casual Roadmap simultaneously more complex and arguably even
more essential to ensure robust inferences.

The first challenge arises because the full longitudinal counterfactual interven-
tions of interest must be specified, including not only initial treatment assignments,
but also any post-baseline restrictions on treatment modification or drop-in, as well
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as any hypothetical interventions on treatment compliance, censoring or measure-
ment.[101] Specification of a “target trial”[25] is one commonly used device to support
specification of a causal estimand. Of note, however, specification of post-baseline
“interventions” or protocols, including those to enforce compliance or to prevent cen-
soring, need not correspond to any realistic intervention that might be accomplished
in an actual trial.

Secondly, both the observed data and confounding structures in longitudinal
registry data are complex, and thus the potential identification of the target causal
estimand in such studies requires a more complex statistical estimand, such as the
longitudinal g-formula.[7] This, in turn, necessitates more complex statistical esti-
mation procedures capable of adjusting for time-varying confounders. Finally, many
of the advantages of using registry data—including the ability to study the effects of
prolonged treatments on rare outcomes and to capture of a wide range of potential
and time-dependent confounders—also introduce additional challenges to estima-
tion. Flexible machine learning approaches to covariate adjustment are paramount
to making optimal use of complex longitudinal data captured in a registry, but must
be implemented such that statistical inference is preserved.[7] Further, even with ini-
tially large sample sizes and common treatments, the number of patients who comply
with long-term protocols can dwindle quickly, resulting in practical positivity viola-
tions; examples of this include longitidinal inverse probability of treatment weighting
(IPTW), parametric g computation, and longitudinal maximum likelihood estima-
tion.[65] Finally, the unique ability of registries to evaluate effects on rare outcomes
can introduce new challenges to estimator performance. Careful estimator specifica-
tion and benchmarking can address many of these challenges; however, in order to
provide a firm basis for statistical inference, the full estimation procedure must be
pre-specified.

Motivated by both the utility of the Causal Roadmap for longitudinal registry
analyses and the practical challenges that arise in its application, in this paper we
present a detailed case study. Through it, we provide practical guidance on imple-
mentation of the longitudinal Causal Roadmap, with a particular emphasis on the
use of simulations to guide pre-specification of a statistical estimator that integrates
machine learning. Specifically, we utilize the Roadmap to evaluate the long-term
cumulative causal effect of second-line diabetes medications on dementia risk among
a cohort of diabetes patients using the Danish National Registry. The Danish Na-
tional Registry is one of the longest-standing national registry databases, and has
expansive longitudinal data dating back several decades.[102] Due to its large size,
rich comorbidity and concurrent medication measurements, and extended follow-up
time, the Danish registry is well-suited for examining rare and longer-term exposures
and outcomes. It also has a high degree of diagnostic reliability for some (but not all)
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diseases, with a positive predictive value of 0.96 and 0.98 for diabetes and dementia,
respectively.[103] The Danish registry has high-quality data for studying longer-term
diabetes care; the study, prognosis, and adequate treatment of diabetes is a na-
tional priority reflected in practice and national research interests. Dementia affects
around three percent of the older Danish population, but several studies suggest
that the true prevalence is higher.[104] Dementia is particularly burdensome to the
diabetic population.[105] Continually emerging evidence suggests newer second-line
diabetes medications may hold promise in preventing neurodegeneration(eg. [21, 14,
22]); however, some newer medications are less historically common relative to more
established therapies.[106] Due to the relatively uncommon nature of exposure and
outcome of interest and the need for prolonged follow up, examining this relationship
without the use of a large data source like the Danish registry would be infeasible.

With this motivation, we evaluate the difference in the counterfactual five-year
cumulative risk of dementia if a target population of adults with type 2 diabetes had
initiated and remained on GLP-1 receptor agonists (GLP-1RAs), a relatively new
class of drugs, compared to a range of active comparator protocols. We utilize a non-
parametric statistical model that avoids unsubstantiated assumptions, and is thus
known to contain the true observed data distribution; this contrasts with commonly
employed approaches to statistical estimation in which a more restrictive statistical
model (such as a main term logistic model on the propensity score) is adopted from
convenience or habit. The use of a large semi- or non-parametric statistical model, as
dictated by the Roadmap, provides crucial protection against bias due to both model
misspecification and post-hoc data exploration. It does, however, set a high bar for
choice of a statistical estimator. Specifically, the pre-specified statistical estimator
must be able to provide precise and robust estimates of the treatment effect without
reliance on simplified lower-dimensional parametric models.

Time-dependent confounding is accounted for through use of the iterated
conditional expectation expression of the longitudinal g-formula as the statisti-
cal estimand.[40, 107] Longitudinal targeted maximum likelihood estimation (L-
TMLE)[101, 7] provides a general estimation approach for these causally derived
estimands, while integrating “double” machine learning (in both a series of outcome
regressions and in estimates of propensity score), in order to flexibly incorporate
covariate adjustment.[6] However, full pre-specification of a TMLE for this estimand
requires several key decisions. These decisions can have profound impacts on finite
sample estimator performance, particularly in the challenging setting of large scale
registry analysis of long-term treatment effects on rare outcomes. Further, given
the challenges of rare outcomes in our case study, an investigator may also wish to
verify whether the use of a TMLE is warranted, or whether a simpler estimator such
as in inverse probability of treatment (IPTW) estimator, despite having theoretical
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shortcomings, might provide to be an equivalent or superior finite sample estimate.

Our case study provides practical guidance on the implementation of the
Roadmap in large-scale registry data. In particular, we highlight how rare outcomes
can raise challenges for flexible and robust estimators such as L-TMLE, even in the
context of the large sample sizes provided by the registry, and discuss estimation
approaches to addressing these challenges, including careful specification of the ma-
chine learning library and selection of an appropriate variance estimator. We show
how simulations can be used to help pre-specify the estimation algorithm (a prereq-
uisite for valid statistical inference) in order to optimize the expected performance of
the statistical estimator (in terms of confidence interval coverage and precision). As
we discuss, simulations can also be useful when working with registry data that can
be difficult to access for logistical reasons, prompting a further need for simulated
data. There are examples of previous analyses of Nordic registry data using a target
trial framework (eg. [108, 109, 110]). However, to the best of our knowledge, this
is among the first studies to apply the Causal Roadmap to a national registry of
historic data on over 200,000 diabetes patients.[111]

The paper is organized as follows. In Section 2.2, we step through the appli-
cation of the Causal Roadmap to our case study, evaluating the long-term effect of
GLP-1RA use on incident dementia risk using the Danish National Registry, up to
the step of statistical estimation. We illustrate opportunities, challenges, and practi-
cal responses at each step of the Roadmap. In Section 2.3, we specify the statistical
model and detail the estimation procedure, including the simulation study, which
was used to pre-specify the analysis. In particular, we provide a detailed overview of
key estimation choices in the implementation of our longitudinal targeted maximum
likelihood estimator, and the use of simulations to guide these choices. In Section
2.4, we present the results and interpretation of our analysis, including sensitivity
analyses. In Section 2.5, we discuss the findings and the implications of this work.

2.2 Case study of the longitudinal Causal
Roadmap: evaluating the long-term effect of
GLP-1RA use on incident dementia risk
using the Danish National Registry

Background and motivation

Type two diabetes mellitus (T2DM) is a cardio-metabolic disease that affected 462
million people globally in 2017 and is increasing in prevalence each year.[112] Tt is
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characterized by elevated blood sugar levels, which over time can strain not only the
cardiovascular but also the nervous system.[113] Dementia is a progressive neurode-
generative disease characterized by impaired cognitive functioning that interferes
with daily life. T2DM has been shown to accelerate both brain aging and neu-
rodegeneration, which are antecedents to dementia.[105, 114] While the exact mech-
anisms are an active area of research, hypothesized mechanisms include a complex
mixture or pathways—including defective insulin signaling, metabolic/mitochondrial
dysfunction, oxidative stress, and vascular damage, among others.[115, 12]

The connection between GLP-1RAs and improved cognition has been well-
demonstrated in mouse models. Specifically, liraglutide (a GLP-1RA) reduced neu-
roinflammation and improved synaptic function (reducing amyloid formation).[116,
117] GLP-1RAs are thought to be particularly protective, both because of their effects
on glucose regulation (and subsequently weight reduction) as well as a direct effect
on neuroplasticity.[12, 118, 13] Secondary analyses of randomized placebo-controlled
trial data in diabetic patients also showed a significant reduction in cognitive decline
among those in the GLP-1RA treatment arm compared to the control arm.[21, 14,
119] Due to the short-term follow-up of these randomized studies, the outcome of
interest was either cognitive worsening (from validated cognition tests) or dementia-
related adverse events. Studying dementia onset requires longer-term follow-up in
large cohorts that are seldom practically or financially feasible for most randomized
trials. Further, trial participants in these secondary analyses were also higher risk
patients and not representative of the general population.

Observational studies circumvent these shortcomings by allowing access to ex-
pansive datasets with a sufficient number of events to look at relatively rare exposures
or outcomes and evaluate long-term treatment effects. A growing body of observa-
tional research studying the effects of GLP-1RAs on dementia has shown a reduction
in dementia risk.[21, 22, 120] In the Danish National Registry specifically, one anal-
ysis showed a protective effect of GLP-1RA use on dementia for every year increase
in exposure.[22] While these results are encouraging, the application of the Causal
Roadmap illustrates how they may fall short of estimating the causal effect of great-
est interest. (1)Causal estimand specification: some used a hazard ratio to measure
effect[21, 22]; while commonly used, the hazard ratio is not causally interpretable.
A hazard is the instantaneous rate of having an event given that the event has
not already occurred, and thus at each time point the hazard ratio compares event
rates between study arms among participants who remain event-free. By definition,
over time, this measure is susceptible to an inherent selection bias which can make
it impossible to recover a counterfactual quantity generally of interest in a causal
study.[121] (2)Identification: in order to causally interpret results, we must satisfy
the sequential randomization assumption (see Section 2.3.1), which states that the
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counterfactual outcome must be independent of treatment assignment, conditional
on measured past. Adjusting for only baseline covariates may not be sufficient to
adjust for confounding, particularly if there are time-dependent confounders that are
affected by past treatment usage and affect future treatment usage.(3)Estimation:
estimation, particularly in the context of data sparsity and time-varying covariate
histories, can prove challenging. The Cox model is commonly used in longitudinal
registry analyses. Estimators that can incorporate variable selection can optimize
precision, and become particularly important in such cases. Integration of machine-
learning for flexible adjustment can both reduce bias and improve precision, but must
be incorporated into appropriate estimators.

Through the subsequent analysis, we apply the longitudinal Causal Roadmap
to answer the question: what is the effect of sustained, cumulative exposure to GLP-
1RAs vs i) any active comparator or, ii) specific active comparators (sodium-glucose
cotransporter-2 or SGLT?2 inhibitors, dipeptidyl peptidase 4 or DPP-4 inhibitors) on
the cumulative risk of dementia by five years among patients with T2DM initiating
second-line antihyperglycemic therapy for the first time? For each of these causal
questions, we outline the causal estimand, specify the observed data and a causal
model describing what is known about the real-world processes that generated it, and
finally identify the causal estimand as a function of the observed data distribution
that is equivalent to the causal estimand under explicit causal assumptions. This sets
the stage for defining the statistical estimation problem and specifying an estimator,
as we do in Section 3.

Target causal estimand

Our target population consists of insulin-naive Danish diabetes patients who ini-
tiate second-line diabetes medication for the first time. We follow these patients
from index date ¢ = 1, corresponding to the date of first use of secondline diabetes
medication, until a maximum of five year follow-up period, ¢t = 1, ..., K + 1, where
each unit of time is six months in length. The time K + 1 is defined as the time
at which the outcome (dementia) status is evaluated, in main analyses K + 1 is set
to five years, or ten 6-month long time intervals. In this population, we are inter-
ested in two general causal questions, corresponding to two types of hypothetical
interventions (also known as treatment strategies or treatment regimes). We are
firstly interested in a hypothetical intervention only on GLP-1RA use throughout
follow-up (A; = A;(1),..., A} (K + 1)), where A,(t) is an indicator that denotes use
of GLP-1RA during time t, and where, here and throughout, an overbar denotes
the the longitudinal history of a variable). Our hypothetical regimes of interest are
sustained GLP-1RA use throughout follow-up (denoted by a; = 1), and sustained
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GLP-1RA non-use throughout follow-up (denoted by a; = 0); in both regimes we
also hypothetically intervene to prevent censoring (¢ = 0, where C'(t) denotes an in-
dicator of right censoring by time t). Let Y(t) denote an indicator that a participant
is diagnosed with dementia by time t; for notational convenience, let Y = Y (K + 1)
denote diagnosis of dementia by the final time point of interest, K + 1. Our coun-
terfactual outcomes of interest under a hypothetical intervention on GLP-1RA use
(1211) correspond to the diagnosis of dementia by time K + 1 that would have been
seen under these two hypothetical regimes (Table 2.1; these counterfactual quanti-
ties are formally defined using the causal model described Supplemental Materials
1): Y3, 120, Yz,202—0- The above hypothetical regimes allow us to define our target
causal estimand (or “causal contrasts of interest” [25]). Here, we are interested in the
cumulative causal risk difference for dementia diagnosis by five years if all patients
had complied with the intervention arm vs. the control arm, intervening to prevent
administrative censoring (Table 2.1): E[Yz _; o—o] — E[Yz,-0.e=0]-



Causal estimand 1:
GLP1 vs. no GLP1

Causal estimand 2:

GLP1 vs. SGLT2

Causal estimand 3:

GLP1 vs. DPP4

Eligibility crite-
ria

Dementia and insulin-naive
diabetes patients initiating
second-line therapies be-
tween 2009-2021

Dementia and insulin-naive
diabetes patients initiating
second-line therapies be-
tween 2014-2021

Dementia and insulin-naive
diabetes patients initiating
second-line therapies be-
tween 2009-2021

Treatment - Sustained GLP1 use (a; = | Sustained GLP1 use (a; =

regime Sustained GLP1 use (a1 = | 1) and no SGLT?2 use (a; = | 1) and no DPP4 use (a; =
1) throughout follow up, in- | 0) throughout followup, in- | 0) throughout followup, in-
tervening to prevent censor- | tervening to prevent censor- | tervening to prevent censor-
ing ing ing

Counterfactual Y5, —1.6-0

outcome under Yz —10-0()

treatment

Control regime

No GLP1 use (a; = 0)
throughout follow-up, inter-
vening to prevent censoring

Sustained SGLT2 use (ay =
1) and no GLP1 use (a; =
0) throughout follow up, in-
tervening to prevent censor-
ing

Sustained DPP4 use (ay; =
1) and no GLP1 use (a; =
0) throughout follow up, in-
tervening to prevent censor-
ing

Counterfactual | Yz, _gz—o(t) Yz, 20.3,=1,0=0(t)
outcome under
control
Target  causal | E[Yz 1 o] — E[Yz,—0,—0] ElYz —14,-0—0] — E[Yz,=0,a=1,6=0]
parameter
Table 2.1: Causal estimands for three key target comparisons of second line medication use

¢S
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We are secondly interested in a hypothetical study intervening on both expo-
sure (GLP-1RA use, A;) and active comparator use (Ay, where A,(t) denotes use of
the active comparator, either SGLT-2 or DPP-4 use at time t). Specifically, we are
interested in contrasting a regime of sustained GLP-1RA use throughout follow-up
and no active comparator use throughout follow-up (a; = 1,a, = 0), with a regime of
sustained non-use of GLP-1RAs throughout follow-up and sustained active compara-
tor use throughout follow-up (a; = 0,a2 = 1). In both regimes, we hypothetically
intervene to prevent censoring (¢ = 0). E[Y3 —143,-0e-0] — £[Y3,205,=1=0], Sus-
tained GLP-1RA use, with no active comparator use and no administrative censoring
throughout follow-up, compared to sustained active comparator use (e.g., SGLT2),
with no GLP-1RA use and no administrative censoring throughout follow-up.

Observed data and causal model

The observed data available to estimate this casual estimand included all diabetes
patients in the Danish National Registry who met the following inclusion criteria:
were at least 50 years of age; had evidence of prior metformin use; initiated a second
line medication between 2009 and 2021; were insulin-naive and dementia-free at index
date (Supplemental Materials 2).

Data from this cohort can be described by a general longitudinal data struc-
ture. For ease of notation, we refer to the treatment and censoring processes together
as A(t) = (Ay(t), Ay(t),C(t)) and also refer to the time-varying covariate informa-
tion L(t), incident dementia diagnosis Y (t), and death (the competing risk) D(t)
collectively as L(t) = (L(t),Y(t),D(t)). We denote the individual-level observed
longitudinal data as:

O = (W, L(1), A1), ..., L(K), A(K), L(K + 1)) ~ P,

where W denotes baseline (time-invariant) covariate information. Note that A(1) is
exposure status (second-line diabetes medication use) at the beginning of the first
node or time interval (i.e. index date), and ¢(t = 1) = 0 by definition. We follow
patients through the registers until dementia, death, emigration, or August 2021,
whatever comes first.

Index date and baseline measurements are defined at the date of the start of
second-line regimen. We use a discrete time scale with 6-month long time intervals.
For notational convenience, we define variables after death, dementia diagnosis, or
censoring as equal to their last observed value. For further explanation of the data-
generating process, see Supplemental Materials 2.

We utilized prescription fill data from the Danish registry to define exposure to
diabetes medications. Specifically, a patient was defined as exposed to a medication
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at any time point if the patient redeemed at least one prescription of a medication
in the corresponding time interval. For a full list of second-line diabetes medications
used and relevant ATC codes, see Supplemental Materials 3.

We approximate our outcome, dementia onset, by time ¢ (Y'(¢)), through either
of the following criteria:(1) dementia diagnosis, measured through inpatient diagnosis
codes; or (2) purchase of dementia medication, measured through registry medication
fill table. For a list of ICD and ATC codes used, see Supplemental Materials 3. Death
(D(t)) is treated as a competing risk. We consider the following baseline covariates:
age (years), sex (male/female), education (basic, some college, college or higher),
baseline income (tertiles), and time on metformin prior to index date (days). We also
consider the following time-varying comorbidities: heart failure, renal disease, chronic
pulmonary disease, any malignancy, ischemic heart disease, myocardial infarction,
hypertension, and stroke. The time-varying comorbidities remain 0 until evidence of
their presence through an inpatient ICD code in the registry is detected, then remain
1 for the remainder of follow up. We also include co-medication use, including: beta-
blockers, calcium channel blockers, renin-angiotensin system-acting inhibitors, loop
diuretics, mineralocorticoid receptor antagonists and chronic obstructive pulmonary
disease (COPD) medications, which take the value of 1 if there is evidence of a fill in
the time window. For a more detailed definition of all covariates, see Supplemental
Materials 4.

Identification: causal to statistical estimand

The translation of our causal estimand into a statistical estimand (i.e., a function of
the distribution of the observed data) requires causal assumptions about the data-
generating process beyond simply the time ordering of covariates. The core assump-
tion in the assessment of long-term cumulative treatment effects is the sufficiency of
measured variables to adjust for confounding of treatment decisions as well as infor-
mative censoring. Such an assumption can be assessed either from the causal graph
directly using the sequential back door criteria, or stated in the language of counter-
factuals as the sequential randomization assumption. The sequential randomization
assumption[7, 122] posits that at each time point, the counterfactual outcome Y; is
independent of treatment assignment and censoring, conditional on the history of
measured covariates and prior treatment:

Ya ILA®) | W, L(t), At —1) =at—1),t=1,., K,

for every treatment history a of interest. Of note, this could equivalently be written
to more explicitly incorporate the distinct elements of L(t), as

Y, Il A(t) | W, Y (t) = 0,D(t) = 0,L(t), A(t — 1) = a(t — 1),t =1,.., K,
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for every treatment history a of interest (see Table 2.1). These definitions are equiv-
alent because for the other possible values of Y (¢) and D(t) it holds by definition.

For this assumption to hold, it is sufficient to assume in our causal model
(Supplemental Materials 1), that we have no unmeasured common causes of our
exposure and censoring nodes A(t) at each time point and counterfactual outcome
Y;. For each pairwise comparison, we consider other second-line medications not
included in the contrast of interest as observable past.

We must also assume positivity—specifically, that there is a positive probability
of continuing to follow the treatment of interest at each time point and no censoring,
given previous treatment and covariate history[122, 7]:

PA(t)=a(t) | At —1)=a(t—1),L,W)>0,t=1,... K

for all possible covariate histories that can occur in the underlying data generating
process among those who followed the regime. Threats to inference posed by viola-
tions (and near violations) of this assumption can be investigated empirically using
the data, and used to inform specification of an estimator, as described further in
the following section.

Under these assumptions, the causal estimands corresponding to the counter-
factual difference in risk of dementia by five years under sustained GLP-1RA use
compared to sustained use of an active comparator, can be translated into a tar-
get statistical estimand using Robins’ longitudinal g formula.[23] In the present case
study, we use the iterated conditional expectation form of this estimand.[40]

2.3 Statistical model and estimator

Prior to specifying a statistical estimator, the Roadmap makes clear that it is crucial
to specify a statistical model that incorporates only assumptions on the observed data
distribution (P,) that are known to hold. The existence of death without dementia
as a competing risk provides an example of such knowledge in our case study: after
death, the probability of incident dementia is deterministically zero. While such a
statement may seem obvious, we illustrate below its explicit incorporation into the
estimator.

In addition to incorporating model knowledge, there are several decisions made
in the estimation of the causal quantity of interest that require careful selection. In
the following section, we highlight how simulations can be used to pre-specify an
estimator and ensure its expected performance.
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Simulation

Simulations are helpful tools that enable the selection of a valid and efficient es-
timation procedure. Simulations allow for the comparison of distinct estimation
procedures. When registry data that are not always easily accessible due to pri-
vacy concerns, simulations also allow researchers to work with realistic longitudinal
data remotely. We illustrate how simulations were used to pre-specify our statistical
estimator, including the approach to inference. This includes the following choices:
estimator choice (IPTW-—commonly used in the literature, despite challenges—vs L-
TMLE); approach to nuisance parameter estimation (specifically the pre-specification
of machine learning algorithms to estimate the “treatment mechanism”-—conditional
probabilities of medication use and censoring given the past—and iterated outcome
regressions); and variance estimation (specifically, use of the empirical variance of
the estimated influence function, an alternative "robust” variance estimator[80], or
the non-parametric bootstrap).

Data generating process

To simulate data with the complex longitudinal structure found in the Danish reg-
istry, we ran logistic regression models on the real registry cohort of interest (Section
5.1.1). We used these models to estimate each node at each time point, conditional
on the observable past. We then created a matrix of beta coefficients from each of
these regressions and exported them from the Danish server.

Using these coefficients, we simulated n=500 datasets which contain follow-up
data of 100,000 simulated patients. We simulated a first scenario (scenario 1) with
no relationship between exposure and outcome, and a second scenario (scenario 2)
with a significant relationship between exposure and outcome. We simulated the
datasets using the lava package.[123] For each node at each time point, we used the
vector of beta coefficients to predict the node values. This dataset has a dependent
correlation structure between exposure and outcome, reflective of the parametric
relationship fitted in the observed data. We then permuted the outcome, competing
risk and censoring nodes in the dataset to create the scenario where the true risk
difference between the treatment regimens is zero. This allowed us to approximate
the complex correlation structure of treatment and covariate measures in the data.

We calculated the true causal risk difference between full GLP-1RA wuse
throughout follow-up and no GLP-1RA use throughout follow-up in the first simu-
lation scenario by simulating large datasets with counterfactual covariates and out-
comes setting all exposure nodes (1211, 1212) to 1 or 0, depending on the causal contrast
of interest. For further detail, see Supplemental Materials 5.
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Estimation procedure

We considered both IPTW estimator and L-TMLE as candidate estimators in the
simulation. L-TMLE is a double-robust plug-in estimator that enables to control for
time-dependent confounding without adjusting away the effect of the exposure on
the outcome through downstream mediators. [6, 7] Nuisance parameters in L-TMLE
estimation can incorporate machine learning algorithms while maintaining statisti-
cally valid inference under assumptions, including, informally, an assumption that
initial estimators of the outcome regressions are not overfit.[6, 7] While the use of
internal sample splits and cross-fitting approaches (such as cv-TMLE[7, 124]) can
partially address these challenges, the lack of a computationally efficient implemen-
tation of the cv-TMLE estimator for the longitudinal treatment effect of interest led
us to instead rely on simulations to carefully pre-specify the approach to nuisance
parameter estimation.

We considered the following candidate algorithms for treatment propensity
and censoring mechanisms and iterated conditional outcome regression estima-
tion: logistic regression with LASSO penalty[125, 126] (one with cross-validated
A hyperparameter—the A value with minimum mean cross-validated error—and one
undersmoothed—choosing the minimum penalization across a range of candidate A
values), logistic regression with ridge and elastic net[125, 126] penalty (one with A
chosen to minimize CV error, and one undersmoothed), unpenalized logistic regres-
sion model (identity link, adjusted and unadjusted), and random forest[127]. We
applied all candidate estimators and estimation procedures to both scenario 1 and
secnario 2 data generating processes. Finally, prior work demonstrates that even
when a point estimator performs well (in that its bias to standard error ratio is low
enough to allow for valid statistical inference, implying nominal “oracle coverage”
i.e. confidence interval coverage treating the true variance as known rather than
estimated, calculated using the empirical variance across simulation repetitions),
standard approaches to variance estimation based on the empirical variance of the
estimated influence function, commonly used for both the IPTW and TMLE estima-
tors, may underestimate the true variance, particularly in challenging settings with
rare outcomes and/or practical positivity violations, leading to under-coverage.[80]
Alternative approaches to variance estimation include a non-parametric bootstrap,
and an approach based on fitting a separate TMLE of the variance itself, implemented
as the “robust” option in the ltmle package.[80] As each of these approaches has its
own vulnerabilities, we further employed simulations to pre-specify an approach to
variance estimation and inference.

As described previously, the incorporation of death as a competing event for
dementia onset implies knowledge about the statistical model; namely, that once a
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death occurs, the probability of dementia is deterministically zero. By incorporating
this knowledge in the estimation of the iterated outcome regression, the model will
be correctly specified (i.e. will incorporate essential subject matter knowledge). We
therefore examined all candidate estimators and algorithms described above with this
knowledge explicitly incorporated (using the deterministic Q function in the ltmle R
package, setting probability of the outcome deterministically to zero after death has
occurred).[128] Code used for the simulation is available in an online repository.[129]

Simulation and estimation selection

We evaluated performance under each combination of the above specifications on 500
simulated datasets generated from our data-generating process described above. To
evaluate the performance of the estimation procedures, we compared bias, variance,
bias to standard error ratio, 95 % confidence interval coverage, and oracle coverage
(Supplemental Materials 6).

In both scenario 1 and 2, we found the TMLE estimator to have nominal
oracle coverage (i.e. closer to 95%), compared to the IPTW estimator. Among
the TMLE candidate algorithms for nuisance parameter estimation (LASSO, Ridge,
Elastic Net, Random Forest) in Scenario 1, we found the undersmoothed penalized
regression algorithms with g-truncation performed best—i.e. had nominal oracle
coverage and lowest variance (Supplemental Materials 5 and 6). We then compared
variance estimation methods; we evaluated variance estimators for Scenario 1 only
due to computational expense. The non-parametric bootstrap was the variance esti-
mation option with the coverage closest to 95%; we found TMLE variance estimation
was conservative and influence-curve-based estimation was anti-conservative.

Based on simulation results for the risk difference in scenario 1 (the realis-
tic data generating process), we chose the L-TMLE estimator using undersmoothed
ridge regression with g-truncation. This estimation strategy had the best oracle cov-
erage, as well as low bias and variance. For more detailed results, see Supplemental
Materials 6.

For all analyses, we used R version 4.2[130], and the ltmle package[128].

Ethical approval

Registry-based studies do not require informed consent or ethical approval in Den-
mark. The reference number from the Data Responsibility institute in the Capital
Region of Denmark was P-2019-191.
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2.4 Results

Cohort demographics

Of the registered diabetes patients using metformin in the Danish registry and initiat-
ing second-line treatment between 2009 and 2021 (n=154,128), 104,928 met inclusion
criteria (Figure 2.1).

Diabetes patients with evidence
of prior metformin use and

second line treatment initiation Any: n=49,200
between 2009 and 2021
(n = 154,128) « Age <50 (n=24,606)
* Insulin use at baseline
(n=21,492)

A 4

« Emigration (n=450)
« Immigration (n=1,944)

Eligible patients (n=104,928) » Death prior to medication pickup
After 2009, Age>50, insulin naive, (data discrepancy; n=10)
dementia-free » Prior dementia (n=698)
A4
l v
GLP1 use at index date (n=13,334, 13%) Other (non-GLP-1) second line use at index

date (n= 91,594, 87%)

Figure 2.1: Flowchart of selection criteria for a retrospective cohort of diabetes
patients initiating second-line therapy for the first time between 2009 and 2021 in
Denmark

Among those meeting inclusion criteria for the study, 13% (n=13,334) initiated
GLP-1RAs at baseline, and 87% (n=91,594) initiated other second-line medications
(for further detail on demographics of other treatment medication initiators, see
Supplemental Materials 7). Those who initiated GLP-1RAs at index date were more
likely to be below 55, to be more educated, have a higher income, and have a longer
duration of diabetes (Table 2.2). Those initiating GLP-1RAs at baseline were more
likely to have some conditions (chronic pulmonary disease), and less likely to have
others (heart failure, renal disease, ischemic heart disease, myocardial infarction).
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Those initiating GLP-1RAs were more likely to be treated with Mineralocorticoid re-
ceptor antagonists (MRAs), Calcium channel blockers (CCBs), or Renin—angiotensin
system inhibitors (RASIs).



GLPT-RA 10 GLPL-RA Total
Variable Level  (n=13,334) (n=91,594) (n=104,928)
Age category < b5 2,851 (21.4) 12,106 (13.2) 14,957 (14.3)
55-60 2,925 (21.9) 14,348 (15.7) 17,273 (16.5)
60-65 2,583 (19.4) 15,942 (17.4) 18,525 (17.7)
65-70 2,166 (16.2) 15,834 (17.3) 18,000 (17.2)
7075 1,557 (11.7) 14,078 (15.4) 15,635 (14.9)
75-80 821 (6.2) 9,980 (10.9) 10,801 (10.3)
80-85 306 (2.3) 5823 (64) 6,129 (5.8)
8500  92(0.7) 2,528 (2.8) 2,620 (2.5)
>90  33(0.2) 955 (1.0) 988 (0.9)
Education Basic 4,634 (34.8) 38,764 (42.3) 43,398 (41.4)
Medium 6,471 (48.5) 41,043 (44.8) 47,514 (45.3)
High 2,229 (16.7) 11,787 (12.9) 14,016 (13.4)
Tncome (tertile) 1 3,103 (23.3) 31,923 (34.9) 35,026 (33.4)
2 3,943 (29.6) 31,008 (33.9) 34,951 (33.3)
3 6,288 (47.2) 28,663 (31.3) 34,951 (33.3)
Diabetes duration (years) <1 3,747 (28.1) 31,795 (34.7) 35,542 (33.9)
1-5 5,379 (40.3) 33,287 (36.3) 38,666 (36.9)
510 3,082 (23.1) 20,932 (22.9) 24,014 (22.9)
> 10 1,126 (84) 5580 (6.1) 6,706 (6.4)
Diagnoses
Heart failure 614 (4.6) 5886 (6.4) 6,500 (6.2)
Renal disease 91 (0.7) 1,134 (1.2) 1,225 (1.2)
Chronic pulmonary disease 906 (6.8) 5,795 (6.3) 6,701 (6.4)
Any malignancy 689 (5.2) 6,366 (7.0) 7,055 (6.7)
Ischemic heart disease 1,416 (10.6) 11,310 (12.3) 12,726 (12.1)
Myocardial infarction 675 (5.1) 5,149 (5.6) 5,824 (5.6)
Hypertension 2,876 (21.6) 20,249 (22.1) 23,125 (22.0)
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Stroke

454 (3.4)

4,126 (4.5)

4,580 (4.4)

Medications
Beta-blockers
Calcium channel blockers
Renin-angiotensin system-
acting inhibitors
Loop diuretics
Mineralocorticoid receptor
antagonists
COPD medications

Table 2.2: Baseline demographic characteristics of a cohort of diabetes patients initiating second line treatment
for the first time between 2009 and 2021 in the Danish registry, stratified by GLP1-RA initiation at baseline.

N(%)

3,655 (27.4)
4,107 (30.8)

8,710 (65.3)
2,112 (15.8)

897 (6.7)
2,108 (15.8)

27,185 (29.7)
27,105 (29.6)

57,552 (62.8)
14,538 (15.9)

5,495 (6.0)
11,781 (12.9)

30,840 (29.4)
31,212 (29.7)

66,262 (63.1)
16,650 (15.9)

6,392 (6.1)
13,889 (13.2)

¢9
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Risk differences

We applied our pre-specified estimator, LTMLE, with propensity scores estimated
using undersmoothed ridge regression, and inference based on the non-paramteric
bootstrap, to the registry data. The results show a protective effect comparing
five-year sustained GLP-1RA use to sustained non-use (risk difference percent RD%
-0.48, 95% CI-0.94,-0.01; Table 2.3) and to sustained use of DPP4 inhibitors (RD% -
0.48, 95% CI -0.93,-0.02; Table 2.3). No significant differences were found comparing
GLP-1RAs to SGLT?2 inhibitors (RD% -0.48, 95% CI -0.93,-0.02; Table 2.3). In
sensitivity analyses, we varied the time interval length, and found these results to
hold irrespective of time discretization (Supplemental Materials 8); shortening the
time unit led to a wider confidence interval. We include relative risk results in
Supplemental Materials 9.

Comparison ;F{li":le{mtment Control Risk Fé%{wglggfyjné%%
1) GLPIL vs. no GLPL | 0.0093 0.0141 ~0.47(-0.94,-0.01 )
2) GLP1 vs. SGLT2 0.0071 0.0074 -0.03 (-0.27,0.22)
3) GLP1 vs. DPP4 0.0068 0.0115 -0.48 (-0.93,-0.02)

Table 2.3: Five-year risk of dementia under sustained GLP1-RA use vs sustained
comparator use in a cohort of Danish diabetes patients initiating second-line therapy
(RD represented as %, rescaled x100)

We additionally plotted the marginal risk of dementia at each six-month in-
terval, among those who have survived until that time point and have followed the
longitudinal treatment regimes of interest (sustained GLP-1RA use, sustained non-
use) up until that time point. Results show a difference in the risk of dementia over
time between the longitudinal exposure groups (Figure 2.2; Table 2.4).
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Figure 2.2: The L-TMLE dementia risk estimates comparing sustained use and non-
use of GLP-1RAs in a cohort of Danish second-line diabetes drug initiators 2009-2021.



Interval 0 1 2 3 4 5) 6 7 8 9 10
GLP1-RA use | 13,334 10,419 7,627 6,008 4,983 4,282 3,587 3,084 2,746 2484 2216
Death 0 96 82 63 59 46 40 36 47 43 45
Dementia 0 9 <5* <5* <5* <5* <5* 5 <5* <5* <5*

End of”
follow-up 0 1,992 2,052 1,456 995 686 714 468 357 269 290
Non-adherent | 0 818 1,473 1,571 1,540 1,507 1,447 1,441 1,372 1,321 1,253
No

GLP1-RA use | 91,594 82,666 74,352 67,744 61,901 56,768 51,814 47,492 43,221 39,505 35,552
Death 0 1,740 1,361 1,243 1,137 1,094 977 967 925 876 814
Dementia 0 114 111 99 94 107 88 85 78 79 79
End of”
follow-up 0 4,525 5,126 4,039 3,871 3,327 3,688 3,078 3,456 2911 3,277
Non-adherent | 0 2,549 4,265 5492 6,233 6,838 7,039 7,231 7,043 6,893 6,676

Table 2.4: Table of longitudinal patterns in treatment and control groups in a cohort of diabetes patients

initiating second line use between 2009 and 2021 in Denmark

*cells with less than five observations are not shown in the interest health information privacy

99
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2.5 Discussion

In this case study, we apply the Casual Roadmap to a longitudinal analysis of a
large national registry database. Through the use of the Roadmap, we explicitly
state our causal estimand and the assumptions required to be able to estimate this
quantity from the observed data. We found a significant relationship between sus-
tained GLP-1RA use and five-year dementia risk compared to no usage of GLP-1RAs
and compared to sustained DPP4 use, after adjusting for a wide range of time in-
variant and time-varying confounders using a pre-specified L-TMLE estimator that
incorporates machine learning. The relationship of GLP-1RAs compared to active
comparator SGLT2 inhibitors on dementia diagnosis was not significant; however,
confidence intervals were wide due to rare sustained usage of SGLT2 and greater ad-
ministrative censoring as SGLT?2 is a newer drug (usage increasing after 2011). High
administrative censoring of the treatment group is likely due to the later introduc-
tion and relatively slower adoption of GLP-1RAs relative to other, more established
second-line therapies.[131] Our findings agree with prior literature on the benefit of
GLP-1RAs on dementia onset in the Danish registry[22], observational studies|13,
120], and some randomized trials[21, 14, 15, 132].

As with all studies, ours is not without limitations. Firstly, due to data un-
availability we were not able to adjust for smoking status or body mass index, which
may have resulted in residual confounding of our effect estimate—leading to either
under or overestimates of the protective association of sustained GLP1-RA use. In
addition, while this sample is generalizable nationally to Denmark and to other
Nordic countries, the ethnically homogeneous population in the Danish registry does
not necessarily generalize to more diverse populations. Finally, the data from our
simulation was generated using coefficients from sequential regression models; this
imposes a simpler parametric structure on the data generating process than may
exist in reality. This simplified structure may lead to some overestimation of model
performance, as some of the complexities of the true data distribution are not cap-
tured.

We found the implementation of a complex estimator such as L-TMLE with ma-
chine learning at the scale national registry to be feasible. However, implementation
of such an analysis involves a variety of estimation decisions. Simulation provided
a means to pre-specify these decisions and evaluate the performance of the result-
ing estimator in data generating processes designed to resemble the data, including
to evaluate the performance (precision and confidence interval coverage) in the pres-
ence of rare events and long-term follow up. The simulations also provided additional
evidence that if implemented with care, a TMLE estimator with machine learning
can reduce bias and variance and improve inference relative to both IPTW estima-
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tors and TMLE estimators implemented without machine learning. Nonetheless, in
this setting or rare outcomes and practical postivity violations, variance estimation
remained a challenge. A common approach used for IPTW, TMLE, and other esti-
mators, based on the empirical variances of the estimated influence curve, resulted in
markedly anti-conservative confidence interval coverage, as has been reported by oth-
ers.[80] While the non-parametric bootstrap provided coverage closer to nominal it
was still slightly anti-conservative. Future work is needed to further improve variance
estimation for complex longitudinal estimators in settings such as these. Future work
may also consider implementing a continuous-time TMLE, which would circumvent
any potential measurement error introduced through time discretization. Software
for this kind of analysis was released after the present analysis was conducted.

While simulation results presented are interesting in their own right, the results
must be interpreted locally to this particularly analysis. We recommend that inves-
tigators construct their own simulations with data similar to their own in key ways,
rather than follow the estimation specifications here or use estimation defaults. To
our knowledge, this is the first study of its kind of apply L-TMLE using longitudinal
Causal Roadmap [24, 101] to a large national registry database.
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Structural causal model

We define the following exogenous nodes for t = 1...k + 1:

X =W, L(t), A(t)

where: W includes all time-constant covariates: age (years), sex (male/female),
education (basic, some college, college or higher), baseline income (tertiles), time on
metformin prior to index date (days).

At) = (Au(t), Ax(1), O(1)

A, (t) is GLP1-RA use at time t

Ay(t) is active comparator use (however designated) at time t

C(t) is administrative censoring at time t

L(t) = (L(t), Y (t), D(t))

i(t) is the time-varying covariate status at time t, these include diagnoses
(heart failure, renal disease, chronic pulmonary disease, any malignancy, is-
chemic heart disease, myocardial infarction, hypertension, stroke) and medi-
cation use (beta-blockers, calcium channel blockers, renin-angiotensin system-
acting inhibitors (RASI), loop diuretics, Mineralocorticoid receptor antago-
nists (MRAs) and COPD medications)

Y () is the outcome, dementia diagnosis, at time t

D(t) is death at time t

And exogenous error:

U= (Ua,UyL)

Structural equations are as follows:

L(t) = fL(t)(A(t — 1),E(t — 1), UL(t)),t =1, ...,K—|— 1

A(t) = fA(t)(A(t — 1), E(t — 1), UA(t)),t =1,...,. K
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Cohort selection and data processing

We collected a retrospective cohort of diabetes patients who:

were at least 50 years of age
had at least one medication fill for metformin use (Table 1)

did not immigrate to Denmark in the five years prior to beginning a second
line therapy or emigrate before the start of the study

initiated a second line medication (Table 2) between January 1st, 2009 and
July 20th, 2022 (second line start date as the index date)

were insulin-naive at index date (Table 1)

were dementia-free at index date (Table 1)

Table 1: List of codes used for inclusion and exclusion criteria in cohort of second
line diabetes drug initiators

drug

ATC

Insulin Al10A
Metformin | A10BA02, A10BD02, A10BD03, A10BD05, A10BD07, A10BD08,

A10BD10, A10BD11, A10BD13, A10BD14, A10BD15, A10BD16,
A10BD17, A10BD18, A10BD20, A10BD22, A10BD23, A10BD25,
A10BD26
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Table 2: List of codes used to define second line diabetes medication use, for inclusion
and exposure node definition

Node | Drug ATC Codes
Ay GLP1-RA A10BJ
A SGLT2 Inhibitors A10BK, A10BD15, A10BDI6,

A10BD19, A10BD20, A10BD2I,
A10BD23, A10BD24, A10BD25

Sulfonylureas A10BB, A10BDO01, A10BDO02,
A10BDO04, A10BD06
DPP-4 Inhibitors A10BH, A10BDO0O7, A10BDOS,

A10BD09, A10BD10, A10BDI11,
A10BD12, A10BD13, A10BD18,
A10BD19, A10BD21, A10BD22,
A10BD24, A10BD25

Thiazolidinediones A10BG, A10BD03, A10BDO04,
A10BDO05, A10BD06, A10BD09,
A10BD12, A10BD26

Sulfonamides A10BC
Alfa-glucosidase Inhibitors | A10BF, A10BD17
Repaglinides A10BX, A10BD14

Biguanides A10BAO1, A10BAO3, A10BDO1



3 Treatment and outcome definitions

Treatment exposure: Usage of each second-line medication (Table 2) was defined
for each time node (6-month bins in main analyses) if the medication coverage time
(medication pick up date +6 months) overlapped with the time node. Outcome:

Dementia onset date was defined as the first occurrence of either (1) a dementia

medication pickup, or (2) a dementia diagnosis during follow up. (Table 3)

Table 3: ATC and ICD codes used to define dementia endpoint

Code Type Description
NO6DAO1 | ATC Tacrine
NO6DA02 | ATC Donepezil
NO6DA03 | ATC Rivastigmine
NO6DA04 | ATC Galantamine
NO6DAO05 | ATC Ipidacrine
NO6DAb/2 | ATC Donepezil and memantine
NO6DAb/3 | ATC Donepezil, memantine and Ginkgo folium
290 ICD-08 | Dementias
FO00 ICD-10 | Dementia in Alzheimer disease
FO1 ICD-10 | Vascular dementia
Dementia in other diseases classified elsewhere
F02 ICD-10 without behavioral disturbance
F03 ICD-10 | Unspecified dementia
G30 ICD-10 | Alzheimer’s disease
G31.1 ICD-10 | Senile degeneration of brain, not elsewhere classified
F051 ICD-10 | Delirium superimposed on dementia
331 ICD-08 | Alzheimer’s disease



4 Covariate definitions

Table 4: Covariate names, definitions and relevant codes
for all variables included in main analyses

Variable Definition and codes

Age category Age of patient at baseline

Education Patient education prior to baseline; basic (elementary), medium (trade school;
some college) or high (college +)

Income Income range categorized into tertiles

Diabetes duration

Evidence of diabetes duration through diabetes diagnosis or evidence of met-
formin use; years from first evidence up until baseline

Diagnoses

Heart failure

Renal disease

Chronic pulmonary disease

Time-varying covariates; first evidence of ICD-08 or ICD-10 diagnosis code
(below) prior to baseline or during follow up. Absence of diagnosis coded as 0
and presence as 1.

42709, 42710, 42711, 42719, 42899, 78249, DI099, DI110, DI130, DI132, DI255,
DI425, DI426, DI427, DI429, DI428A, DP290, DI43, DI50, DE105, DE115,
DE125, DE135, DE145

403, 404, 580, 581, 582, 583, 584, 59009, 59319, 75310, 75311, 75312, 75313,
75314, 75315, 75316, 75317, 75318, 75319, 792, DNO032, DNO33, DNO034,
DNO035, DN036, DN037, DN052, DN053, DN054, DN055, DN056, DNO057,
DZ490, DZ491, DZ492, DN18, DN19, DI120, DI131, DI132, DN250, DZ940,
DZ992, DN26

515, 516, 517, 518, 490, 491, 492, 493, DJ40, DJ41, DJ42, DJ43, DJ44, DJ45,
DJ46, DJ47, DJ60, DJ61, DJ62, DJ63, DJ64, DJ65, DJ66, DJ67, DJ684,
DI278, DI279, DJ84, DJ701, DJ703, DJ920, DJ953, DJ961, DJ982, DJ983

€L



Any malignancy

Ischemic heart disease
Myocardial infarction

140, 141, 142, 143, 144, 145, 146, 147, 148, 149, 150, 151, 152, 153, 154, 155,
156, 157, 158, 159, 160, 161, 162, 163, 164, 165, 166, 167, 168, 169, 170, 171,
172, 174, 175, 176, 177, 178, 179, 180, 181, 182, 183, 184, 185, 186, 187, 188,
189, 190, 191, 192, 193, 194, 27559, DCO, DC1, DC2, DC3, DC40, DC41,
DC42, DC43, DC44, DC45, DC46, DC47, DC48, DC49, DC5, DC6, DC70,
DC71, DC72, DC73, DC74, DC75, DC76, DC86, DCI7

411, 412, 413, 414, DI20, DI23, D124, DI25

410, D121

Hypertension 41009, 41099, DI10, DI109, DI11, DI110, DI119, DI119A, DI12, DI120, DI129,
DI129A, DI13, DI130, DI131, DI132, DI139, DI15, DI150, DI151, DI152,
DI158, DI159, 401, 402, 403, 404

Stroke 433.434.435.436.437.438.D163.D164

Medications Time-varying covariates; in each time node, patients are classified as using the

Beta-blockers

Calcium channel blockers
Renin-angiotensin system-
acting inhibitors (RASI)
Loop diuretics
Mineralocorticoid receptor
antagonists (MRAs)

COPD medications

medication if a medication pickup with relevant ATC code (below) was made
on a date falling in time bin. Absence of medication coded as 0 and presence
as 1.
Ccor
Co8
C09

C03C, CO3EB
C03D

RO3BA, R03AK06, RO3AKO07, RO3AKO08, RO3AKO09, RO3AK10, RO3AK11,
RO03AK12, RO3AL08, RO3AL09, RO3AC, R03AK06, RO3AK07, RO3AKOS,
RO3AKO09, RO3AK10, R0O3AK11, RO3AK12, R03AK13, RO3AL01, RO3ALO02,
RO3ALO03, RO3AL04, RO3AL0O5, RO3AL06, RO3AL0O7, RO3AL08, RO3ALO9,
R03BB

2
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5 Simulation methods

We conducted a simulation study to find the best estimator for a longitudinal tar-
geted maximum likelihood estimation (L-TMLE) analysis of the effect of second-line
diabetes drugs on dementia risk. The data was simulated to approximate the fea-
tures and multivariate distribution of the Danish National Registry analysis dataset
used for the primary analysis, which has five key features: many time points (10), a
relatively rare treatment regime of interest, a rare outcome and exposure , compet-
ing risks from death, and a high degree of administrative censoring. Two simulation
scenarios were used:

1. A simulation using data with a similar multivariate distribution of treatment
regimes A, and covariates L, and outcomes Y to the Danish registry data.
The truth was calculated as the counterfactual 5-year risk of dementia prior
to death when continuously on GLP-1RA’s versus not, with the effect of GLP-
1RA’s on death removed to eliminate the competing risk.

2. A simulation using data with a similar distribution of treatment regimes A
and covariates L to the Danish registry data but with permuted outcomes Y
such that there was no association between A and Y and the true treatment
effect is null.

For both simulation scenarios, we estimated the effect of 5-year continuous usage of
GLP-1RA compared to no GLP-1RA usage, analogous to the target causal param-
eter 1 (Table 1 of main text, column 1).

Fore each of the two data generating processes outlined above, we examined:

e FEstimator selection: We considered both inverse-probability of treatment weight-
ing (IPTW) and targeted maximum likelihood estimation (TMLE)

e Nuisance parameter estimation:
We considered in the simulation the following candidate algorithms for g and
Q estimation:

— LASSO (X (lambda) chosen to minimize cross-validated error, and un-
dersmoothed*)
— Ridge (A chosen to minimize cross-validated error, and undersmoothed*)

— Elastic net (o = 0.5 and A chosen to minimize cross-validated error, and
undersmoothed™)

— Generalized linear models (identity link)

— Random forest
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e For each of the penalized regressions above (LASSO, Ridge, Elastic net) we
considered one with a cross-validated tuning parameter selection, and one
undersmoothed version which utilized the minimum A value (i.e. the least
penalization) that did not fail across a range of candidate values.

o Variance estimation: To estimate variance, we considered empirical influence
curve variance, “robust” variance estimator [2], and the non-parametric boot-
strap.

We estimated the performance of each combination of the above specifications
on 500 datasets generated from our data-generating process described above. To
evaluate performance of the estimation procedures, we compared oracle coverage,
estimator bias (0?), and estimator variance of the risk difference (see Section 7).
These quantities were calculated using the true parameter value (¥g), the estimated
parameter value (7@) for each iteration of the simulated data ¢ where ¢ = 1....500:

~

Bias: E(y) — Wy

Variance: E[¢?] — [E(¢)]? ) )

Bias/SE ratio: (E(v) — Wo)/(E[¥?] — [E(¥)])

Oracle Coverage: E(locr,<w,<oci,,)

Where the Oracle upper (OC1,,) and lower bound (OC1y,) are calculated using
the standard deviation of the estimator across simulation repetitions: ¥; + 1.960.

Code used for the simulation is available on Github.[1]



6 Simulation results

6.1 Scenario 1: Realistic simulation, protective effect of GLP1 on dementia

True disk difference -0.0.00719; Outcome prevalence 0.83% in treated group, 1.55% in control group
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6.1.1 Performance of difference point estimators (scenario 1)

The estimator chosen, based on the lowest variance among estimators with an oracle coverage within 1% of 95%, is
bolded and highlighted with lines. Here, for the risk difference with data scenario 1, the method chosen from the
simulation results is L-TMLE using undersmoothed ridge with g-truncation. Importantly, the undersmoothed option
for various algorithms tend to perform better than the default lambda parameter selection. *The bias and variance

columns are scaled by 100 for better readability.

RD bias RD variance RD bias RD oracle

Estimator Algorithm Lambda Truncation x 100* x 100* SE ratio  95% coverage
TMLE Ridge Undersmoothed Less than 0.01 0.185123 0.000491 0.835818 95.00000
TMLE Elastic Net Undersmoothed Less than 0.01 0.196316  0.000400 0.981080  95.60000
TMLE LASSO Undersmoothed Less than 0.01 0.196423  0.000401 0.980587  95.60000
TMLE GLM N/A Less than 0.01 0.204626  0.000440 0.975826  95.80000
TMLE Ridge Undersmoothed Untruncated 0.225100  0.001060 0.691243  96.40000
TMLE Elastic Net Undersmoothed Untruncated 0.247762  0.000891 0.829886  96.20000
TMLE LASSO Undersmoothed Untruncated 0.248398  0.000900 0.827790  96.20000
TMLE Elastic Net CV-minimum SE  Untruncated 0.253776  0.000268 1.549389  73.40000
TMLE Elastic Net CV-minimum SE  Less than 0.01 0.254413  0.000258 1.585283  71.00000
TMLE Ridge CV-minimum SE  Untruncated 0.255141  0.000447 1.207114  76.20000
TMLE GLM N/A Untruncated 0.255202  0.001072 0.779565  95.60000
TMLE LASSO CV-minimum SE  Untruncated 0.255850  0.000260 1.585686  73.00000
TMLE LASSO CV-minimum SE  Less than 0.01 0.256470  0.000251 1.618536  70.20000
TMLE Ridge CV-minimum SE  Less than 0.01 0.261435  0.000371 1.356658  68.60000
TMLE Random Forest N/A Less than 0.01 0.277126  0.000142 2.325057  92.00000
IPTW GLM N/A Untruncated 0.421628  0.001177 1.228763  54.80000
IPTW Ridge Undersmoothed Less than 0.01 0.421628  0.000508 1.870010  54.80000
IPTW GLM N/A Less than 0.01 0.421628  0.000456 1.974381  54.80000
IPTW LASSO Undersmoothed Less than 0.01 0.421628  0.000415 2.070313  54.80000
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IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW

Elastic Net
Ridge
Elastic Net
LASSO
Elastic Net
LASSO
Ridge
Ridge
Random Forest
LASSO
Elastic Net

Undersmoothed
CV-minimum SE
CV-minimum SE
CV-minimum SE
CV-minimum SE
CV-minimum SE
CV-minimum SE
Undersmoothed
N/A
Undersmoothed
Undersmoothed

Less than 0.01
Less than 0.01
Untruncated
Untruncated
Less than 0.01
Less than 0.01
Untruncated
Untruncated
Less than 0.01
Untruncated
Untruncated

0.421628
0.421628
0.421628
0.421628
0.421628
0.421628
0.432669
0.433075
0.434636
0.446782
0.446782

0.000414
0.000379
0.000272
0.000264
0.000260
0.000254
0.000456
0.001127
0.000127
0.000945
0.000934

2.072648
2.166498
2.556702
2.596233
2.613575
2.647554
2.026333
1.290068
3.864224
1.453555
1.462082

54.80000
54.80000
54.80000
54.80000
54.80000
54.80000
53.77778
53.58491
53.60000
50.60606
50.60606
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6.1.2 Performance of difference variance estimators (scenario 1)

Comparing different variance estimators using the estimator and estimation method chosen above, we find that the
influence curve (ic) method is anti-conservative, and the TMLE method is conservative, with very wide confidence
interval widths. The bootstrap estimator performs the best of the different variance options.

Variance.estimator RD Coverage

Influence curve 86.4
Bootstrap 95
TMLE 99.4

08



6.2 Scenario 2: Realistic simulation, no exposure-outcome relationship

The second simulation was done to benchmark different estimator performance using data with a realistic prevalence
of dementia and 5 years of follow-up, but with a known null association (True Risk Difference=0) between treatments
and the dementia outcome.

6.2.1 Comparison of different estimators’ performance (scenario 2)

In Scenario 2, g truncation does not make a sizeable difference for CV-min SE estimators with penalized regression.
The undersmoothed truncated penalized regression algorithms here perform similarly. *The bias and variance columns
are scaled by 100 for better readability.

RD bias RD variance RD bias RD oracle
Estimator Algorithm  Lambda Truncation x 100* x 100* SE ratio  95% coverage
TMLE LASSO CV-minimum SE  Less than 0.01 0.159940  0.000315 0.901633  96.0
TMLE LASSO CV-minimum SE  Untruncated 0.159944  0.000315 0.901413  96.0
TMLE Elastic Net CV-minimum SE  Less than 0.01 0.160203  0.000328 0.884646  96.0
TMLE Elastic Net CV-minimum SE  Untruncated 0.160220  0.000328 0.884224  96.0
TMLE Ridge CV-minimum SE  Less than 0.01 0.161497  0.000592 0.663841 954
TMLE Ridge CV-minimum SE  Untruncated 0.162864  0.000605 0.662149  95.8
TMLE Ridge Undersmoothed Less than 0.01 0.168897 0.000601 0.688838 94.4
TMLE Elastic Net Undersmoothed Less than 0.01 0.173586  0.000362 0.912383 944
TMLE LASSO Undersmoothed Less than 0.01 0.173656  0.000362 0.913133 944
TMLE Ridge Undersmoothed Untruncated 0.173755  0.000658 0.677415  95.0
TMLE GLM N/A Less than 0.01 0.174666  0.000399 0.874241  95.0
TMLE Elastic Net Undersmoothed Untruncated 0.181858  0.000421 0.886583  94.8
TMLE LASSO Undersmoothed Untruncated 0.182133  0.000422 0.886609  94.8
TMLE GLM N/A Untruncated 0.186551  0.000494 0.839255  95.4
IPTW Ridge Undersmoothed Untruncated 0.264168  0.000678 1.014801  88.2
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IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW
IPTW

Ridge
Ridge
Ridge
GLM
LASSO
Elastic Net
GLM
Elastic Net
LASSO
Elastic Net
Elastic Net
LASSO
LASSO

CV-minimum SE
Undersmoothed
CV-minimum SE
N/A
Undersmoothed
Undersmoothed
N/A
Undersmoothed
Undersmoothed
CV-minimum SE
CV-minimum SE
CV-minimum SE

CV-minimum SE

Untruncated
Less than 0.01
Less than 0.01
Untruncated
Untruncated
Untruncated
Less than 0.01
Less than 0.01
Less than 0.01
Untruncated
Less than 0.01
Untruncated
Less than 0.01

0.264168
0.264168
0.264168
0.264168
0.264168
0.264168
0.264168
0.264168
0.264168
0.264168
0.264168
0.264168
0.264168

0.000623
0.000615
0.000607
0.000511
0.000435
0.000433
0.000406
0.000368
0.000368
0.000335
0.000334
0.000321
0.000321

1.058681
1.064925
1.071845
1.168190
1.266778
1.268788
1.310899
1.376521
1.377126
1.443315
1.444487
1.474387
1.475018

88.2
88.2
88.2
88.2
88.2
88.2
88.2
88.2
88.2
88.2
88.2
88.2
88.2
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7 Baseline demographic characteristics by base-
line treatment

SGLT2i
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SGLT2i no SGLT2i Total
Variable Level (n=22434) (n=82494) (n=104928)
Age groups Below 55 3,329 (14.8) 11,628 (14.1) 14,057 (14.3)
55-60 4013 (17.9) 13260 (16.1) 17,273 (16.5)
60-65 4164 (18.6) 14361 (17.4) 18,525 (17.7)
65-70 3769 (16.8) 14231 (17.3) 18,000 (17.2)
70-75 3526 (15.7) 12109 (14.7) 15,635 (14.9)
75-80 2296 (10.2) 8505 (10.3) 10,801 (10.3)
80-85 1003 (4.5) 5126 (6.2) 6,129 (5.8)
85-90 269 (1.2) 2351 (2.8) 2,620 (2.5)
Above 90 65 (0.3) 923 (1.1) 988 (0.9)
Education Basic 8,022 (35.8) 35,376 (42.9) 43,398 (41.4)
Medium 11113 (49.5) 36401 (44.1) 47,514 (45.3)
High 3299 (14.7) 10717 (13.0) 14,016 (13.4)
Income (tertile) Q1 5,757 (25.7) 29,269 (35.5) 35,026 (33.4)
Q2 7163 (31.9) 27788 (33.7) 34,951 (33.3)
Q3 0514 (42.4) 25437 (30.8) 34,951 (33.3)
Diabetes duration (years) Below 1 5489 (24.5) 30,053 (36.4) 35,542 (33.9)
1-5 8193 (36.5) 30473 (36.9) 38,666 (36.9)
5-10 6501 (20.0) 17513 (21.2) 24,014 (22.9)
Above 10 2251 (10.0) 4455 (5.4) 6,706 (6.4)
Diagnoses
Heart failure Yes 1599 (7.1) 4901 (5.9) 6,500 (6.2)
Renal disease Yes 138 (0.6) 1087 (1.3) 1,225 (1.2)
Chronic pulmonary disease Yes 1224 (5.5) 5477 (6.6) 6,701 (6.4)
Any malignancy Yes 1316 (5.9) 5739 (7.0) 7,055 (6.7)
Ischemic heart disease Yes 2635 (11.7) 10091 (12.2) 12,726 (12.1)
Myocardial infarction Yes 1561 (7.0) 4263 (5.2) 5,824 (5.6)
Hypertension Yes 4573 (20.4) 18552 (22.5) 23,125 (22.0)
Stroke Yes 029 (4.1) 3651 (4.4) 4,580 (4.4)
Medications
Beta blockers Yes 7047 (31.4) 23793 (28.8) 30,840 (29.4)
Calcium channel blockers — Yes 6938 (30.9) 24274 (29.4) 31,212 (29.7)
Renin-angiotensin system-
acting inhibitors Yes 14811 (66.0) 51451 (62.4) 66,262 (63.1)
Loop diuretics Yes 3114 (13.9) 13536 (16.4) 16,650 (15.9)
Mineralocorticoid receptor
antagonists Yes 1797 (8.0) 4595 (5.6) 6,392 (6.1)
COPD medications Yes 3002 (13.4) 10887 (13.2) 13,889 (13.2)
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DPP4
DPP4 no DPP4 Total
Variable Level (n=40569) (n=64359) (n=104928)
Age groups Below 55 5,438 (13.4) 9,519 (14.8) 14,957 (14.3)
55-60 6326 (15.6) 10947 (17.0) 17,273 (16.5)
60-65 7009 (17.3) 11516 (17.9) 18,525 (17.7)
65-70 6998 (17.2) 11002 (17.1) 18,000 (17.2)
70-75 6145 (15.1) 9490 (14.7) 15,635 (14.9)
75-80 4327 (10.7) 6474 (10.1) 10,801 (10.3)
80-85 2633 (6.5) 3496 (5.4) 6,129 (5.8)
85-90 1224 (3.0) 1396 (22) 2,620 (2.5)
Above 90 469 (1.2) 519 (0.8) 988 (0.9)
Education Basic 16,919 (41.7) 26,479 (41.1) 43,398 (41.4)
Medium 18331 (45.2) 290183 (45.3) 47,514 (45.3)
High 5319 (13.1) 8697 (13.5) 14,016 (13.4)
Income (tertile) Q1 13,884 (34.2) 21,142 (32.9) 35,026 (33.4)
Q2 14095 (34.7) 20856 (32.4) 34,951 (33.3)
Q3 12500 (31.0) 22361 (34.7) 34,951 (33.3)
Diabetes duration (years) Below 1 11,377 (28.0) 24,165 (37.5) 35,542 (33.9)
1-5 16287 (40.1) 22379 (34.8) 38,666 (36.9)
5-10 10307 (25.4) 13707 (21.3) 24,014 (22.9)
Above 10 2598 (6.4) 4108 (6.4) 6,706 (6.4)
Diagnoses
Heart failure Yes 2445 (6.0) 4055 (6.3) 6,500 (6.2)
Renal disease Yes 626 (1.5) 599 (0.9) 1,225 (1.2)
Chronic pulmonary disease Yes 2661 (6.6) 4040 (6.3) 6,701 (6.4)
Any malignancy Yes 2953 (7.3) 4102 (6.4) 7,055 (6.7)
Ischemic heart disease Yes 4799 (11.8) 7927 (12.3) 12,726 (12.1)
Myocardial infarction Yes 1991 (4.9) 3833 (6.0) 5,824 (5.6)
Hypertension Yes 9215 (22.7) 13910 (21.6) 23,125 (22.0)
Stroke Yes 1788 (4.4) 2792 (4.3) 4,580 (4.4)
Medications
Beta blockers Yes 11801 (29.1) 19039 (29.6) 30,840 (29.4)
Calcium channel blockers — Yes 11979 (29.5) 19233 (29.9) 31,212 (29.7)
Renin-angiotensin system-
acting inhibitors Yes 25598 (63.1) 40664 (63.2) 66,262 (63.1)
Loop diuretics Yes 6553 (16.2) 10097 (15.7) 16,650 (15.9)
Mineralocorticoid receptor
antagonists Yes 2162 (5.3) 4230 (6.6) 6,392 (6.1)
COPD medications Yes 5319 (13.1) 8570 (13.3) 13,889 (13.2)
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Chapter 3

Simulations to pre-specify
estimators in causal analyses: an
illustration of considerations using
a diabetes medication and
cardiovascular outcomes from
registry data
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3.1 Introduction

Simulation has long been used to inform study design. One of the most common
uses of simulation in study design is power calculations[133], but increasingly sim-
ulations have been used to guide other aspects of the analysis as well. These uses
include defining the primary endpoint in a randomized trial in light of data sup-
port concerns[134, 135], or determining the number and timing of interim analyses
in adaptive trials[136, 137], among others. There is also a growing body of work
focused on the use of simulation for adaptive specification or validation of estimation
strategies.[138, 139, 86, 140]

The planning, implementation, and adequate reporting of simulation studies
to inform real analyses plays a critical role in the movement toward transparent and
reproducible science. This is particularly true in regulatory affairs, where careful pre-
specification of estimation choices is needed in randomized-controlled trials (e.g.,[29,
30, 31]), and is becoming increasingly used in observational data analyses (e.g.,[33,
34]). An area of particular emerging importance is the use of simulations to support
valid inference for causal questions with complex (e.g., hierarchical) data structures.
This is particularly true for per-protocol effects in longitudinal data, where we seek to
“intervene” on treatments over time. In non-randomized data with long-term follow-
up, we are often most interested in the effects of treatments over time. However,
requiring sustained treatment over time under shifting usage patterns can reduce
data support—i.e., the proportion of data that follows the regime of interest. Esti-
mating these quantities well, particularly under observed data challenges, requires
complex and flexible estimators. Failing to flexibly adjust for confounding or to uti-
lize estimators that reflect the complexity of the data will result in biased inference.
However, using such estimation methods can produce their own challenges. It is
easiest for applied researchers to take the path of least resistance—relying blindly on
estimator defaults, or choosing a favorite algorithm or library. However, relying on
estimation defaults can risk invalid inference. Carefully designed simulations offer a
tool to avoid these pitfalls, allowing for estimator fine-tuning while still pre-specifying
the analysis.

At the Forum on the Integration of Observational and Randomized Data
(FIORD) meeting held in Washington, D.C. in November 2022, statisticians from in-
dustry, academia, and regulatory agencies came together to discuss best practices for
conducting applied simulations for causal analyses. The meeting members produced
guidance that called for conducting outcome-blind simulations to guide estimator
pre-specification.[38] There are some recommendations for how to use simulation to
inform estimator specification (eg.[77, 141]), and some simulation examples for lon-
gitudinal data (e.g.,[142, 143]), but no tutorials on estimator selection in this setting
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with specific guidance and code. This chapter aims to address this research gap by
presenting a detailed case study for the causal effect of prolonged drug exposure using
registry data—specifically, data simulated from the Danish national health registry.
The data example includes complex time-dependent confounding, high dimensional
confounders, and prolonged follow-up. As a result, estimators are needed that main-
tain their performance in the face of practical positivity violations.[65] The estimand
of interest is a per-protocol estimand (i.e., sustained exposure over time). The goal
of this chapter is to provide clear guidance, through a worked example, of how simu-
lations can help inform practical analytic decisions and estimator specification. Our
focus is on evaluating the statistical performance of candidate estimators using data
generating processes (DGPs) in which the causal estimand is identified (i.e., the
causal gap, or difference between the true value of the causal estimand and the true
value of the statistical estimand, is zero by design of the simulation). Extensions
to incorporate causal gap analysis are also possible (e.g., to estimate the amount
of feasible/likely confounding), but are not the focus of current paper. There is a
considerable literature on causal gap analysis, and other sensitivity analyses, covered
elsewhere (e.g.,[38, 144]).

This chapter is organized as follows. In section 3.2, we give an overview of
the motivation behind the case study used throughout the paper. In section 3.3,
we give an overview of simulation design considerations; we walk through setting
goals, generating the data, and calculating the benchmark truth and estimation
comparison, including method comparison and evaluation metrics considered. In
section 3.4, we conclude with some points of discussion and future directions of this
work.

3.2 Case study

Treatment for type 2 diabetes is not only key to glycemic control, but can also
have important downstream effects on other comorbidities like cardiovascular disease.
Cardiovascular disease (CVD) accounts for 17.9 million deaths annually, and remains
the leading cause of death globally.[145, 146] This risk is particularly high among
those with other metabolic risk factors like diabetes; people with diabetes are two to
four times as likely to die of CVD than the general population.[147]

Randomized trial data has shown that newer antidiabetic second-line therapies,
such as Glucagon-like Peptide-1 Receptor Agonists (GLP-1RA), can lower the risk
of major adverse cardiovascular events (MACE), including stroke, heart attack, and
cardiovascular death.[16, 17, 18] However, most of these trials have been placebo-
controlled studies of single drugs rather than comparisons of different treatment
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options; direct comparisons of drugs can help inform clinician treatment decisions.
Additionally, these trials demonstrate efficacy and not effectiveness of these therapies
(i.e., the effect under highly controlled circumstances, which limits generalizability
of results to real-world settings). The populations included in these studies were also
not representative of the broader population which is at a lower risk for MACE.[118]
This is particularly important as these newer therapies become more popular and
widely available. In Denmark in particular, there has been a notable increase in use
of newer second-line antidiabetic therapies in recent years.[106]

In this illustrative case study we used synthetic observed data designed to
mimic the underlying registry data, as the “ground truth” for data privacy reasons
and so that we could post reproducible code, available on Github.[148] The synthetic
data used was created to mimic a population of over 100,000 insulin-naive diabetes
patients in Denmark over the age of 50, who were initiating a second-line therapy
for the first time between 2012 and 2021.

3.3 Designing an applied simulation study

Defining simulation goals

Any simulation for estimator specification requires a researcher to: define the goals
of the simulation; simulate relevant data (specify a data generating process or DGP
that mimics the real data in key respects); calculate the true value of the causal
estimand; apply alternative estimators to generate estimates based on the simulated
data and compare the performance of these estimators; implement the final estimator
selection on the real data and report the results of the simulation and final estimation
(Table 3.1).

The above simulation approach is executed only after a causal estimand, causal
model, and observed data have been specified through a rigorous causal framework,
such as the Causal Roadmap (Figure 3.1), and the causal estimand has been identi-
fied as a statstical estimand (parameter of the observed data distribution)—in other
words, after the statistical estimation problem has been fully defined. The Causal
Roadmap guides researchers in specifying: (1) a clear causal question, causal model
and causal contrast; (2) the observed data available for estimation; (3) the iden-
tifiability assumptions needed in order to estimate the causal contrast using the
observed data; (4) the statistical estimand and estimator, (5) estimation of the sta-
tistical quantity of interest, and (6) interpretation of results in the context of the
assumptions and limitations. A rigorous framework like the Causal Roadmap is an
essential component of conducting thoughtful and thorough causal research; simula-
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tions can help improve the rigor of the research by guiding key estimation choices at
the estimation phase of the Causal Roadmap.

Once the goals of the study are defined through the Roadmap, we can consider
our various estimation strategies and what we would like to compare. For a given
statistical estimand, there are many potential estimators from which to choose. This
includes parametric g-computation, inverse probability weighting (including inverse
probability of treatment and censoring weighting, but also double-robust methods
like augmented inverse probability weighting), targeted minimum loss-based esti-
mation or TMLE (including for example, cross-validated TMLE or collaborative
TMLE). Within each estimator, there are other options such as weight truncation
and nuisance parameter estimation algorithm.

We also must choose from a selection of potential methods for inference. For
plug-in causal estimators, some popular options include empirical influence curve-
based estimation, or a non-parametric bootstrap. There are also other options that
can be specific to each estimator. For example, there is a robust variance option for
TMLE.[80] For a discussion of options and automated data-adaptive estimation in
the point-treatment, randomized trial case, see van Lacker et al. 2024.[149]
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Causal Roadmap

Causal question/estimand & causal model

What you want to know & background knowledge

Difference in cumulative risk of adverse cardiac events
if all diabetes patients used GLP1s vs. if they did not?
Observed data

What you have available/accessible
Mational registry data on over 100,000 insulin-naive
diabetes patients initiating second-line therapy

Identifiability
Is estimand + observed sufficient?
Concerns about positivity
Statistical estimand, statistical model and estimator

What to estimate, and how
The risk difference, IPW or TMLE? Truncation?
Muisance parameter estimation?

Estimation

Your statistical estimand using chosen estimation

Interpretation
in the context of your assumptions, limitations

Estimation specifications

Estimator type selection
Inverse probability weighting

(IPW)

Targeted minimum loss-based
estimation (TMLE)

Nuisance parameter
estimation Lasso

GLM Untruncated
Elastic Net Truncated
Ridge

Random Forest  Undersmaothing

Variance estimation

Influence Curve (IC)
Robust
MNon-parametric bootstrap

Figure 3.1: The Causal Roadmap and applied simulations for estimator pre-specification
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Case study Roadmap and goals

In the case of our particular case study, we are interested in learning whether there
is a difference in the two-year cumulative risk of adverse cardiac events if all diabetes
patients over 50 years old used GLP1s vs. if they did not. The data available in
the example is the Danish registry data: over 100,000 insulin-naive diabetes patients
initiating second-line therapy. We are concerned about practical positivity violations
due to rare GLP1 use relative to other medications, particularly over time. We are
interested in estimating the risk difference in adverse cardiac events, comparing if
all patients used GLP1 throughout follow up, compared to if they did not. Our
statistical model is nonparametric. We are interested in comparing between differ-
ent estimators, truncation levels for the treatment weights, and nuisance parameter
estimation strategies. (Figure 3.1)



Table 3.1: Steps for planning and executing an applied simulation for estimation specification

Step

Considerations

Applied example

1. Define simu-
lation goals

To guide estimator specification, the inves-
tigator should detail the specific estimators
to be compared, as well as the metrics that
will be used to choose between them.

To compare and choose between
distinct:  estimators (TMLE;
IPW), Super Learner libraries,
g truncation bounds, and confi-
dence interval estimation.

2. Define a data
generating pro-
cess from which
to simulate data

For a given longitudinal data structure, the
process of specifying a data generating pro-
cess can be broken down into approaches to
simulating:

1. distribution of the baseline data (be-
fore any intervention)

2. conditional distribution of the treat-
ment/intervention at each time point
given the past (treatment mechanism)

3. conditional distribution of the non in-
tervention nodes (covariates and out-
comes) given the past at each time
point.

How you choose to estimate the above will
imply some tradeoffs.

We defined the structural model
of interest and a corresponding
data generating process by es-
timating each of the structural

equations using generalized linear
models. (See Appendix A)

€6



3. Find bench-
mark “truth”
(i.e., the value
of the causal
estimand)

Can get value of the true causal estimand
from Monte Carlo simulation (with very big
N), intervening on variables of interest (e.g.,
exposure) and using the known DGP likeli-
hood components.

Intervened on the models above,
setting A to 1 (sustained GLP1
use) throughout follow up and
sampling large N from the distri-
bution, then setting A to all 0 (no
GLP1 use) and sampling large N
from the distribution. Took the
expectation of the final outcome
in each dataset and subtracting
them to get the causal risk differ-
ence.

4. Estimate

Draw multiple “samples” from underlying
DGP of observed sample size; implement
proposed estimator on each (including all as-
pects of estimator); repeat for all estimation
options of interest.

We simulated 500 datasets from
the DGP described above and es-
timated the statistical estimand
of interest.

5. Compare
and select
among  candi-
date estimation
strategies

Evaluate performance of candidate estima-
tors by comparing using specified perfor-
mance metrics.  Employ two tiered ap-
proach: point estimation, then inference
(such that point estimation choice is made
irrespective of variance estimation).

Compared the oracle coverage
and variance of the estimators,
and then compared the cover-
age of the variance estimators.
Chose the Super Learner library
with machine learning (adaptive
splines, gradient boosting, deci-
sion trees), with g truncation an
robust variance estimation.

¥6



6. Implement
selected esti-
mator & report
findings

Implement estimation and report simulation
procedure transparently (eg. with frame-
work like ADEMP[43]). Use: Markup lan-
guage, reproducible and documented Github
repository, pre-registration.

Git repository[148]

g6
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The goal of simulation in this case study is to provide insight into the perfor-
mance of different estimation strategies. We seek to pre-select the point estimation
strategy that has nominal coverage (and therefore bias low enough that it does not
undermine inference), and minimal variance among various estimation strategies.
Specifically, in this example, we are interested in comparing estimation strategies
including the estimator (inverse probability weighting or IPW, and double-robust
targeted maximum likelihood estimation or TMLE[150]), the nuisance parameter
estimation (distinct Super Learner libraries), the weight truncation (truncation at
different levels, no truncation), and the inferential procedure (empirical variance of
the influence curve, non-parametric bootstrap, robust variance estimator).

Defining a data generating process

Our goal is to specify a DGP for the simulation that will result in estimator perfor-
mance on the simulated data that reflects estimator performance on the real data.
We want a DGP that will result in an unbiased estimate of the performance of the
range of estimators we will consider. To do this, we want a simulation DGP that
accurately reflects the aspects of the true DGP that will drive estimator performance
(e.g., exposure-covariate relationships, in the case of propensity scores), but without
having a DGP that is fit so closely to the DGP that it results in a biased esti-
mate of performance due to overfitting the estimator to the data at hand without
incorporating this in the estimation process itself (and corresponding inference).

In navigating between these, we can think about a spectrum of options in terms
of the extent to which the observed data are used, assuming data have already been
collected.

On one extreme of this spectrum is a data-generating process of fully
investigator-specified (e.g., parametric) functions. Here, we use observed data only to
align on basic metrics, such as: the marginal distribution of outcomes (time-varying
for survival outcomes); the marginal distribution of treatment; the degree of practi-
cal positivity (conditional probability of following each treatment regime of interest
given the measured past); and/or the number and type of baseline and time-varying
covariates. An advantage of this approach is that it is blinded to the actual observed
data, which protects the researcher against “p-hacking” or data dredging. However,
this approach may result in a DGP that differs substantially from the data-generating
process, making the results from the simulation more difficult to generalize to the
real data.

On the other end of this spectrum of options is fitting the likelihood using the
observed data and/or sampling empirically from the observed data (i.e., parametric
bootstrap[65]). This approach mimics observed DGP and accommodates high di-
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“Blinded” to exposure-outcome
relationship

One extreme: fully Other extreme: fit (and/or
investigator-specified function sample from) observed data

Figure 3.2: Spectrum of complexity in simulating the data generating process for an
applied analysis

mensionality. However, if the outcome mechanism is fit, the researcher is no longer
blinded to the exposure-outcome relationship.

Between these two extremes lies another option: to draw baseline covariates
from the empirical distribution, fit the treatment and censoring mechanisms from
observed data, use investigator-specified DGP for the outcome regression portions
of likelihood (i.e., Q or non-interventional components). However, it is important to
still maintain the marginal distribution of the outcome over time. One advantage
of this approach is that the relationship between the components of the DGP that
are most often related to practical positivity violations (i.e., the treatment /censoring
mechanism and covariates) are maintained, while the components of the DGP that
drive the effect size (i.e., the outcome) are investigator specified, improving the degree
to which the simulation process is blinded.

Finally, another option may be to split the sample and reserve one portion of
the data to fit all the components of the likelihood and the other to estimate. This
can ensure both similarity to the true DGP and that the simulation is based on
fully independent data (albeit drawn from the same underlying DGP). This may be
possible when working with datasets with large sample sizes like that of a registry;
however, even with these, it may not be feasible if the treatment regime of interest
suffers from low data support.

An additional challenge that faces all of these approaches is the risk that the
performance of some of the estimation choices may be overestimated by choosing the
same functional form to simulate the data and to estimate the nuisance parameters.
For example, simulating the data with a generalized linear model may mean that
a generalized linear model will perform better in the comparisons than it otherwise
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would in the real data.

An additional consideration worthy of mention is how to assess the “quality” of
the data you are simulating. Metrics used for assessing the quality of the data being
generated depend on the use case, and the extent to which one seeks to approxi-
mate the true underlying data distribution. There is a vast literature exploring the
assessment of the fidelity of synthetic data (i.e., data that protects patient privacy
while maintaining a similar data structure)[151], and there is no consensus in the re-
search community on the best or most appropriate metrics. Univariate or bivariate
statistics are helpful, but notably this does not illustrate the complex multivariate re-
lationships between all variables at once. This is of particular importance in datasets
with complex hierarchical structures. Popular methods for assessing quality include
distance metrics (e.g., Hellinger, Wasserstein, euclidean) or correlation metrics (e.g.,
Pearson’s). Of note, these metrics are only useful for proximal methods (i.e., meth-
ods that seek to replicate the exact data generating process of the underlying data).
We provide a few illustrative examples in Appendix B for reference. Further discus-
sion of these metrics and use cases can be found elsewhere (e.g.,[152, 153]), and we
believe this area of research merits further study.

Case study data generation

In our case study we simulated the data unblinded, using the equations from the
structural equation models provide in Appendix A. In brief, we fit a regression for
each equation, modelling each node on its measured past. We then used these models
to predict each post-baseline time point sequentially. We examined univariate statis-
tics and bivariate correlations to compare the simulated data with the true data. For
further detail on this process, see Appendix A.

Defining the “truth” in applied simulations

In order to compare estimation strategies, we must have a benchmark “truth”
through which we can calculate metrics like bias and mean-squared error. To do
this, we intervene on the intervention components of the data generating process
defined in the previous section to reflect our desired contrasts of interest. Of note,
in the case of a user-specified function that is set irrespective of the other variables,
the true value should be zero.



99

Defining the “truth” in the case study

For simplicity, in our case study we simulate the truth by intervening on the struc-
tural equations in our model and drawing a large sample from the DGP. We set the
intervention of interest, GLP1, to 1 over time. We used our trained models (per pre-
vious section), and starting with the first time point, set GLP1 use to 1 and simulated
the data forward in time. We then did the same for the other contrast of interest,
setting GLP1 to 0 over time. We did this for a large sample size (n=1000000), and
then took the mean of the risk of MACE outcome at the end of the follow up (two
years) for each contrast, and subtracted them to get the risk difference.

Estimation

Once our DGP and underlying truth are defined, we are ready to implement our
estimators of interest as defined by our simulation goals. We recommend examining
options in a factorial fashion where possible, so that all possible combinations are
considered.

Case study estimation

In our case study, for point estimation, we compare: TMLE and IPW estimators;
three Super Learner libraries (one containing only a simple logistic GLM, one con-
taining a GLM and a GLM with interaction terms, and one containing those models
plus multivariate adaptive regression splines[154, 155], gradient boosting[156, 157],
and random forest[158]); truncation level of the estimated treatment probabilities
(no truncation, more truncation i.e. truncation of probabilities <0.01, and less trun-
cation i.e. truncation of probabilities <0.001). We implement all combinations of
our estimation strategies on the generated data, using our benchmark truth.

Estimator comparison and selection

Here, we introduce a two-stage approach for estimation specification. First, we
evaluate point estimation in a way that is agnostic to the variance estimation by
using Monte Carlos simulation to estimate the standard error of the estimator (i.e.,
using sample variance of the point estimates from the simulation iterations) and
corresponding oracle coverage (the 95% confidence interval coverage when using this
estimated standard error of the estimator). We select the point estimator with
the lowest standard error among those with approximately nominal oracle coverage.
Then, using the selected point estimation strategy, we compare approaches to 95%
confidence interval construction, aiming for an approach that achieves approximately
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nominal coverage. A list of evaluation metrics and further discussion of options can
be found in Nance et. al.[141].

Case study comparison and selection

We compare the estimation strategies of interest (as defined above) using oracle cov-
erage. Among estimators that achieve nominal oracle coverage, we then (as defined
above) select the estimator with the lowest variance. We display MSE and bias for
completeness, however, if the estimator achieves nominal oracle coverage, then we
can feel confident that the bias does not meaningfully affect inference. Below, we
present results from 500 simulation iterations.



Estimator | SL.library Truncation levels | Bias MSE | Oracle coverage | SD of estimator
[0.01,1] -0.007 | 0.002 | 0.958 0.046
Simple GLM [0.001,1] -0.008 | 0.002 | 0.966 0.048
[0,1] -0.007 | 0.002 | 0.964 0.049
[0.01,1] -0.008 | 0.002 | 0.954 0.045
TMLE GLM with interactions [0.001,1] -0.008 | 0.002 | 0.966 0.047
[0,1] -0.008 | 0.002 | 0.964 0.047
[0.01,1] -0.008 | 0.002 | 0.946 0.044
GLM + machine learning | [0.001,1] -0.008 | 0.002 | 0.954 0.044
[0,1] -0.008 | 0.002 | 0.954 0.044
[0.01,1] 0.026 | 0.003 | 0.916 0.047
Simple GLM [0.001,1] -0.004 | 0.003 | 0.962 0.053
[0,1] -0.005 | 0.003 | 0.958 0.056
[0.01,1] 0.013 | 0.002 | 0.950 0.046
IPW GLM with interactions [0.001,1] -0.013 | 0.003 | 0.948 0.051
[0,1] -0.015 | 0.003 | 0.948 0.053
[0.01,1] 0.045 | 0.004 | 0.828 0.048
GLM + machine learning | [0.001,1] 0.041 | 0.004 | 0.854 0.048
[0,1] 0.042 | 0.004 | 0.850 0.048

Table 3.2: Results comparing estimation strategies, averaging over 500 simulations iterations

10T
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We found that the TMLE estimator with the more complex Super Learner
library that included machine learning algorithms was the most precise (i.e., had
the lowest standard error (SE)) among those with close to 95% confidence interval
coverage. There were no meaningful differences between different truncation levels;
thus, we chose not to truncate.

We then compared strategies for inference. We implemented the above chosen
specifications on the 500 simulated datasets using both an empirical influence curve
(IC)[7] and robust standard error[80] variance estimation. We evaluated the variance
estimator using 95% confidence interval coverage. We found robust variance estima-
tion to have overly conservative coverage (98.2%), while the empirical influence curve
variance estimation was anti-conservative (82.8%). This is consistent with previous
findings,[80] and suggests for this particular case, neither of these approaches would
be sufficient. Additional options that would be needed (and will be explored in future
iterations) includes a non-parametric bootstrap, as well as approaches that integrate
sample splitting(e.g.,[159, 149]).

Implementing selected estimator & report findings

Once we have defined our simulation goal, a DGP with ground truth, and compared
the estimation strategies, we are able to implement the estimator on the real data.
We estimate and report findings. Details of the simulation methods, along with
reproducible code) should be included in addition to the real analytic results (e.g.,
as an appendix file).

Case study selected estimator & findings

In our applied example, we implemented the complex Super Learner stack (i.e. more
learners and incorporating machine learning) with no g-bound truncation and robust
variance estimation, and found a risk difference of -0.19 (95% confidence interval -
0.27, -0.10). Of note, this estimate is similar to the effect magnitude found in the
SELECT randomized trial of semaglutide, a GLP1, on MACE reduction.[18]

3.4 Discussion

Simulation decisions depend on the use case and needs of the researcher—there is no
“one-size fits all” approach. Each dataset and estimand of interest have both advan-
tages and estimation challenges. For this reason, it is important to tailor the analytic
strategy to fit the estimation challenges in a particular example. Here, we outline



103

how this can be done. Through the case study of second-line diabetes medication and
MACE, we highlight the use of simulation for pre-specification of analytic strategies.
We define simulation goals, simulate the data, define our empirical “truth”, choose
estimation strategies to compare, estimate, select a method using pre-determined
criteria, and implement the estimation strategy on the real data.

There are several key open questions that require further investigation and
researcher consensus. Further research is needed on the best methods for simulat-
ing complex data structures (including longitudinal data but also other correlation
structures, like multi-level data) for this kind of applied simulation. The creation
and curation of software tools that will better automate the production of applied
simulations for these kinds of complex estimands (and estimators) of interest is also
needed, though creating such usable and flexible software is not trivial. However,
without better tools to execute these simulations, they will remain infeasible for many
applied researchers. We must address these barriers by (1) providing guidance on
how to conduct these simulations, (2) providing more practical and usable tools for
these simulations, and (3) improving the culture around applied simulation. Current
research incentives prioritize significant results, at times over the research process.
However, rushing to the finish line will continue to produce results that are haphaz-
ard and not reproducible. This will also be an important step in the standardization
of applied simulation methods and reporting.

There are multitudinous other uses for simulation in applied data analysis that,
however useful, have fallen outside the scope of this paper. An active area of research
is sensitivity analysis to determine feasible bounds for unobserved confounding. Sen-
sitivity analysis is an important step in applied epidemiology and in the Causal
Roadmap.[38, 144] Furthermore, there is a need for greater guidance from regula-
tory bodies on what simulations to run and how to report them in analytic plans.
Greater buy-in and guidance from these bodies would increase the transparency and
reproducibility of applied research.

This paper builds on prior work to improve the rigor and reproducibility of real-
data applications via simulation. We outline the simulation process and highlight
several key areas of future research. We hope that this guide can serve as a reference
for practitioners looking to implement these applied simulations in their own research.
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3.5 Supplemental materials

Appendix A: Data simulation process
Structural Causal Model

We define the following exogenous nodes for ¢t = 1...k + 1:
X =W, L(t), A(t)
where: W includes all time-constant covariates
At) = (A(), C (1)
A(t) is GLP1-RA use at time t

e ('(t) is administrative censoring at time t

e L(t) is the time-varying covariate status at time t
e Y (1) is the outcome, adverse cardiac event, at time t

And exogenous error:

U= (U, Up)
Structural equations are as follows:
L(t) = frpy(A(t = 1),L(t — 1), Upw),t =1,.. . K +1
A(t) = fA(t)(A(t - 1)7 [_’<t - 1)7 UA(t))at = 17 sy K

Procedure

Here we provide a description for simulating data from the observed data distribution,
given the above structural causal model. Specifically, we:

e factorize the likelihood into distinct component parts that need to be estimated;
e sample empirical baseline covariates;

e iteratively estimate each factor at each time point, from earliest to latest, using
measured past;
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e we use the models generated above to create predictions for the simulated data
at each time point, using the resulting predictions as input for the subsequent
ones.
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Appendix B: Example metrics for data quality

Univariate statistics

You can examine the distribution of each covariate in the real and simulated data
through a simple table, as seen below.

“Real” data | Simulated data

Censor (t=1) (%) | 1000 (20.0) | 1637 (32.7)

(%) 734 (14.7) 877 (17.5)

(%) | 1286 (25.7) | 1408 (28.2)

Insulin (t=1) (%) 1299 (26.0) | 1541 (30.8)

t =2) (%) | 2389 (47.8) | 2482 (49.6)
(%) 747 (14.9) 638 (12.8)

(

t

(

(

(

t

(t=2) (%) | 1630 (32.6) | 1905 (38.1)
Insulin (1=2) (%) | 1115 (22.3) | 1048 (21.0)

(

t

(t=3) (

(t=3) (

(

t

(

) (%) | 3295 (65.9) | 3350 (67.0)
%) | 628 (12.6) | 569 (11.4)
%) | 1984 (39.7) | 2370 (47.4)

) | 1064 (21.3) | 2010 (40.2)
t = 4) (%) | 3765 (75.3) | 3908 (78.2)
—=4) (%) | 532 (10.6) | 464 ( 9.3)
t=4) (%) | 2314 (46.3) | 2378 (47.6)

In our example, there is substantially more censoring in the simulated data
than the real data at the first time point. The other univariate distributions appear
to be similar.

Bivariate statistics

Correlation plots are easy to generate and allow for a visual comparison of pairwise
correlations between all the variables. An example is provided here:

In this example, the patterns of correlation structure in the two dataset are
similar, but the bivariate relationships in the simulated data are slightly stronger.
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Conclusion

Through this work I provide guidance on how to use simulations to understand the
performance of estimators under real-data conditions. I also include two key case
studies of second-line diabetes treatments and their effects on downstream outcomes,
namely dementia and adverse cardiac events. While the case studies are interesting
in their own right, they illustrate the use of applied simulations, which I believe can
aid pharmacoepidemiology researchers with ensuring adequate performance of their
estimation strategy for their own real world examples.

In Chapter 1, I rallied practitioners to apply simulations in the specification of
analytic strategies in statistical analysis plans. I walked through the Causal Roadmap
and two relevant examples—one, a randomized trial with clustered data, and the
other, an observational longitudinal medical record study. In the randomized trial, I
illustrated how treatment-blind simulations can help compare strategies to estimate a
two-stage TMLE with alternative approaches to account for missingness, adaptively
adjust for covariates, and obtain inference. In the observational medical record study,
I used outcome-blind simulations to illustrate choosing between nuisance parameter
estimation and obtaining inference. In both examples, 1 show how these choices
can be pre-specified and included in a statistical analysis plan to ensure research
transparency.

In Chapter 2, I answered a relevant and timely substantive question of interest:
whether there is a causal effect between sustained GLP1 use over time and dementia
risk among diabetes patients in Denmark. I applied the Causal Roadmap, which
gave a structured framework through which to ask the causal question, explicitly
state needed assumptions, statistically estimate the quantity of interest, and inter-
pret results in the context of our needed assumptions. In answering this question,
I had available estimators with strong theoretical properties implemented in robust
software. However, 1 was still faced with key threats to valid estimation. In order
to ensure valid inference, I employed simulation as a tool through which to assess
the performance of these estimators, and ultimately pre-select the estimator with
superior performance. Substantive results showed a potentially protective relation-
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ship between sustained GLP1 use and dementia diagnosis at five years. These results
must be interpreted with caution, however; despite rigorous methodology, the study
did not account for key confounders like smoking status. The study was also con-
ducted in a relatively homogenous population. Future work may consider replicating
this question in a more diverse cohort and with a more expansive set of covariates.

In Chapter 3, I provide more specific, pragmatic guidance for researchers on
how to conduct and report an applied simulation study. I use a relevant case study
of antidiabetic medications and adverse cardiac events. With the case study, I walk
through the data simulation, truth definition, and implementation of distinct esti-
mation choices. I detail the comparison and selection of an estimation strategy, and
the reporting and implementation of this estimation strategy on the “real data”.

While this work advances the field of applied pharmacoepidemiology and dia-
betes research, there are several noteworthy future directions. Firstly, there is a need
for further research on the most appropriate way to approximate the data generating
process. Secondly, there is a need for packages that automate this kind of “tuning”
of the analytic choices for a given real-data example. Approaches such as “auto-
TMLE” are being developed to dynamically evaluate estimators in simulations and
implement the optimal estimator in a single step.[96, 97] However, this work is still
forthcoming. It is essential that better tools that automate this process be created
in order to ensure the adoption of simulation for real-data analyses. Without this,
such work will remain outside of the scope of interest or ability of many applied
researchers. Further work in this area must make simulations more accessible and
easy to implement.

There are two key policy implications of this work that are worthy of mention.
First and foremost, I hope that this work will influence guidelines for the use of
simulations in applied analytic work, as well as encourage more research in this field.
The second implication is relevant to applied pharmacoepidemiologic research on
antidiabetic medications, specifically to the study of GLP1 and dementia. While
the results on the relationship between GLP1 and dementia in Chapter 2 must be
interpreted with caution, they suggest a potential protective relationship between
GLP1 use and dementia diagnosis. I hope this work will not only add to the current
RWE on this topic, but also encourage more research that addresses the limitations
present in our study while utilizing a rigorous causal framework to conduct the
research.
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