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Summary and General discussion
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Summary

Over the last decades, epidemiological methods have been refined, increasingly 

so in the last years, making it challenging to keep abreast of all methodological 

developments. The choice of the data analytical method directly influences the 

interpretation and clinical meaning of results of an analysis, yet it is undesirable 

that technical considerations define the subject of the investigation. Having a 

deeper understanding of the impact that data analytical decisions can have on the 

interpretation of numerical results of a study would help to apply analytical tools that 

are both suitable and appropriate to answer clinical questions. The aim of this thesis 

was to investigate the impact of choices regarding the design and statistical analysis of 

a study on the meaning of its numerical results in two sets of case studies in research 

into causal effects (Part I) and prediction research (Part II). The main findings of the 

investigation are summarized below.

Part I: Impact of applied methods on the meaning of numeric estimates in studies 

of causal effects

The studies described in Part I of this thesis provided examples of the impact of choices 

regarding the design and statistical analysis on numerical results in studies of causal 

effects. This part outlined the many data analytical decisions to be made in those studies. 

Chapters 2 and 4 highlighted two particular decisions and indicated that the interpretation 

of effect estimates in studies of causal effects critically depends on the choice of the 

study time origin and covariate selection strategy. Results of these studies imply that it 

is important to avoid a backward process of implicitly letting the applied study design 

and statistical analysis define the meaning of the study results. This is underlined by the 

studies described in Chapters 3 and 5, which discussed how a clearly formulated study 

aim can clarify whether clinical interest, research conduct, and interpretation of results are 

appropriately aligned. However, stating the study aim is challenging in clinical studies, 

which is reflected in the low frequency of explicitly reported estimands, i.e., the quantity 

of interest that answers (or best approximates) the clinical research question, in studies of 

pharmacological treatment effects found in Chapter 2.

Chapter 2 described that the impact of operationalization of the study time origin on 

numerical results was difficult to assess in pharmacoepidemiologic studies because of 

incomplete reporting. The reporting on choices regarding operationalization of the time 
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origin of a research design was investigated in a review of 89 comparative effectiveness 

and safety cohort studies published in six high-ranked pharmacoepidemiologic 

journals in 2018 and 2019. Forty percent of studies reported implementing a new-user 

design and 13% reported implementing a prevalent-user design. Alignment of start of 

follow-up, moment of meeting eligibility criteria, and treatment initiation was reported 

to be aligned in 53% of studies implementing a new-user design (19 out of 36 studies) 

and was insufficiently described in 42% of studies implementing a new-user design. 

The validity of the operationalization of the study time origin can only be assessed 

with respect to the study estimand. However, the estimand was explicitly reported in 

only 22% of studies implementing a new-user design.

In Chapter 3, the rigor with which the study aim is defined in exploratory etiologic studies 

was linked to the interpretation of findings of those studies. A continuum of scrutiny 

for study conduct was defined, ranging from ad-hoc to targeted. Where an exploratory 

etiologic analysis is situated on this continuum directly affects interpretability of 

findings. We argued that acting upon results from ad-hoc analyses as if they rose from 

targeted analyses by performing further confirmatory studies or by implementing them 

in clinical practice can contribute to research waste and might harm patients. Practical 

pointers for good practice in exploratory etiological research were provided, such as the 

use of rigorous methodologic and statistical approaches and taking responsibility for 

exploratory findings by reporting a clear agenda for future research.

The study described in Chapter 4 illustrated that applying backward elimination to 

reduce the set of covariates for confounding adjustment was rarely more efficient 

than covariate selection based on causal knowledge. An expression was derived that 

quantifies how variable omission relates to bias and variance of effect estimators. 

Simulations were conducted to investigate if and under which conditions causal effect 

estimation in observational studies can improve by using backward elimination on 

a prespecified set of potential confounders. Applying backward elimination did not 

reduce the mean squared error of effect estimators compared to a full model including 

all prespecified covariates, yet bias was increased. In less than 3% of the 3,960 scenarios 

considered, the mean squared error of effect estimators was slightly lower when 

backward elimination was used compared to the full model. Hence, when an initial 

set of potential confounders can be specified based on background knowledge, our 

findings indicated there is minimal added value of backward elimination.
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In Chapter 5 an assessment was proposed regarding choices in the design and statistical 

analysis of studies included in systematic reviews of operative interventions. Intended 

as a first proposal for summarizing key information needed to assess applicability and 

methodological quality of studies, we derived an easy-to-use set for initial evaluation of 

studies of operative interventions based on existing risk of bias tools. The set contained 

nine items: population, intervention, comparator, outcome, confounding, missing data 

and selection bias, intervention status, outcome assessment, and pre-specification of 

analysis. The assessment of applicability and methodological quality can be done as 

part of a systematic review to discard studies of low quality with relative ease and 

to separate out higher quality studies for further scrutiny of methodological quality 

using available assessment tools.

Part II: Impact of applied methods on the meaning of numeric estimates in  

prediction modelling studies

The studies described in Part II of this thesis focused on the impact of changes in 

predictor measurement strategies across settings on performance of prediction models. 

Such changes are referred to as predictor measurement heterogeneity. The phenomenon 

predictor measurement heterogeneity was formally defined using measurement 

error models, which allowed for an investigation of the implications of predictor 

measurement heterogeneity through analytical approaches, simulations, analysis 

of empirical datasets, and a proposed quantitative prediction analysis. All of these 

indicated that even when all other factors, such as the modelling strategy, outcome 

prevalence, included predictors, and patient characteristics, were constant across 

settings, a change in measurement procedure affected the performance of prediction 

models. This fosters reconsideration of the way prediction models are specified, and 

particularly whether predictor measurement procedures should be an integral part of 

the model specification.

Chapter 6 described how predictor measurements are linked to clinical applicability 

of predictions of binary logistic prediction models using analytical and simulation 

approaches. An established taxonomy of measurement error models was used to define 

and clarify the phenomenon called predictor measurement heterogeneity: variation in 

the measurement of predictor(s) between the derivation of a prediction model and its 

validation or implementation. Using analytical and simulation approaches, it was shown 

that out-of-sample performance of binary logistic prediction models can be hampered 
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when predictors are measured differently at derivation and external validation. These 

findings highlight that it is insufficient to describe a prediction target in general terms 

without specifying the procedures with which predictors are (to be) measured.

In Chapter 7 it was shown how predictor measurements are linked to clinical 

applicability of predictions of binary logistic diagnostic models using empirical 

illustrations in three clinical datasets. Nine scenarios of predictor measurement 

heterogeneity were evaluated in previously developed prediction models for diagnosis 

of ovarian cancer, mutation carriers for Lynch syndrome, and intrauterine pregnancy. 

Changing the measurement procedure of a predictor influenced the performance 

at validation of the diagnostic models, most notably model calibration, with the 

calibration-in-the-large coefficient ranging -0.70 to 1.43 and the calibration slope 

ranging from 0.50 to 1.67 at validation.

Chapter 8 described a quantitative prediction analysis to anticipate the impact of 

changes in predictor measurement strategies for prognostic time-to-event models. 

Using simulations with various scenarios of predictor measurement heterogeneity, we 

showed that out-of-sample performance can be hampered when predictors are measured 

differently at validation and implementation for time-to-event outcome models. A 

quantitative prediction analysis was proposed to quantify the impact of anticipated 

predictor measurement heterogeneity across validation and implementation setting.
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General discussion

Each chapter of this thesis characterized one or multiple data analytical decisions 

and described the impact they might have on the interpretation of numerical results. 

In Chapters 4 and 6, the impact of data analytical decisions was first studied using 

relatively simple analytical expressions, followed by simulation studies examining 

implications of the data analytical decision that could not be described using closed-

form solutions. The combination of these approaches provided complementary 

insights contributing to the aim of this thesis. In Chapter 4, the analytical expression 

specified how omitting a variable from the data analytical model relates to bias and 

variance of effect estimators. Based on this result, scenarios can be defined in which 

covariate omission is beneficial in theory, but the simulations indicated that this benefit 

rarely occurred in settings more realistic for clinical studies where covariates are 

automatically selected rather than omitted. Since some methodological papers pointed 

out that backward elimination could be applied for selection of potential confounders1-3, 

the simulation findings shed light on the frequency and type of situations in which 

this might be considered beyond theoretical considerations.

In Chapter 6, analytical expressions specified how measurement error in predictors 

relates to within-sample discrimination and overall accuracy of binary logistic 

prediction models. Subsequently, the taxonomy of measurement error models was used 

to define predictor measurement heterogeneity across settings of derivation, validation, 

and implementation. Simulation studies were conducted to quantify the impact of 

predictor measurement heterogeneity on predictive performance at external validation. 

The formal definition of predictor measurement heterogeneity and simulation findings 

added to existing literature, which thus far described the importance of the choice 

of predictor measurement4,5 and impact of measurement error on within-sample 

predictive performance6,7. Predictor measurement heterogeneity models can help to 

further explain discrepancies in predictive performance between settings. Researchers 

can use these models to quantify the impact of anticipated predictor measurement 

heterogeneity in empirical studies, as was explained in Chapter 8.

Another approach taken in this thesis to understand how the clinical interpretation 

of estimates depends on data analytical decisions was to motivate the methodological 

investigation by clinical interests. This was done by examining published clinical 

studies with a team involving at least one practicing clinician (Chapter 2, 3, and 5) and 

by presenting a motivating clinical example and analyzing the (modified) empirical 
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data (Chapter 4 and 7 - 8). As a limitation, the focus was on the implication of applying 

a method, and not on zooming in on the clinical meaning of estimates resulting from that 

particular method. The interpretation of numerical results could have been described 

more deeply in an empirical study driven by a clinical research question.

In general, we have outlined the impact that various data analytical decisions can 

have on the meaning of estimates using different approaches. However, in hindsight, 

the investigations were essentially conducted in reverse order. The chapters describe 

the impact of a technique on the results, while ideally the desired meaning of the result 

dictates the choice of methods. An important limitation is therefore that we have not 

investigated the impact of defining the desired result, i.e., specifying the estimand, 

on the choice of methods. This relevant topic should receive more attention in future 

research. The remainder of this chapter will therefore discuss directions for future 

research into defining estimands in clinical studies.

Recommendations for future investigations into targeted research questions

When the research question of a study is posed in generic terms, this leaves room 

for a mismatch between the interpretation of the estimate produced by the applied 

design and statistical analysis and the quantity of clinical interest. Clearly defining 

the estimand could be the missing link to prevent such disparities (Figure 1). Yet, as 

the findings of Chapter 2 indicated, formulating an estimand is challenging.

Research has been conducted and is ongoing to define clinical research questions 

such that they can guide a quantitative analysis. The importance of defining an 

estimand was bolstered by ICH E9(R1) addenda on estimands published since 20108 

and further guidance to put ICH E9(R1) into practice when conducting a randomized 

clinical trial was given in 20209-11. For observational studies of causal inference, the 

concept of ‘sufficiently well-defined interventions’ has been introduced to formulate 

research questions such that numerical effect estimates can be causally interpreted12-19. 

Additionally, to avoid having to state mathematical expressions such as the distribution 

of potential outcomes, the principle of ‘target trial emulation’ has been introduced for 

explicating the estimand of a study20.
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Figure 1. Adding a missing link to the schematic depiction of stages of research conduct of a 
quantitative study. When data analytical decisions are not driven by substantial clinical consid-
erations, this could result in a disparity between the clinical research question and the meaning 
of a numerical result. A targeted research question and estimand could be the missing link to 
prevent such mismatches, by guiding the choice of (statistical) methods that yield a numerical 
result with the desired interpretation.
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Reasons why estimands are not always explicitly defined in clinical studies could 

be that they require a profound understanding of statistical theory and that few 

recommendations are available for non-therapeutic research. Further guidance could 

thus be developed to help researchers arrive at a sufficiently well-defined estimand, 

starting out from a clinical perspective, i.e., by defining a ‘targeted research question’. 

We suggest five topics for future research that can contribute to making targeted 

research questions more central to clinical research (Box 1).

Box 1 Five suggested topics for future research on targeted research questions.

 1. Distinguish a clinical perspective from a statistical perspective with the aim of aligning 

    expert input

 2. Identify the optimal balance between succinctness and completeness of targeted 

    research questions

 3. Specify how and when targeted research questions differ between studies of causal 

    inference and prediction modelling studies 

 4. Learn about targeted research questions through empirical exemplar studies

 5. Teach formulating targeted research questions

1. Distinguish a clinical perspective from a statistical perspective with the aim of 

aligning expert input

Performing clinical research requires a different mindset than the process of clinical 

reasoning. Loosely described, clinical reasoning is an iterative process of integrating 

clinical knowledge with patient information to support a final diagnosis and medical 

decisions21. It serves the physician to start out with a broad differential diagnosis, to 

briefly probe several hypothesized diagnoses, and to be wary of not deciding on a 

diagnosis until (s)he has interviewed and observed the patient, as cognitive errors 

might then interfere with the perception of the problem22. Keeping an open view helps 

to make the most auspicious clinical decisions.

The general order of reasoning in statistics appears to be the reverse. Loosely 

described, statistical reasoning enables interpretation of empirical data through a 

process of connecting mathematical arguments with observed phenomena. It serves 

the statistician to work systematically through phases of making assumptions about 

a data-generating mechanisms, identifying an estimand and then finding a suitable 

estimator given the properties of the available data and sampling characteristics of the 
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estimator – all prior to observing the data23. Keeping a principled view helps ensuring 

that the analysis is mathematically valid.

An important tool for defining the statistical estimation problem is a statistical 

model. A succinct overview of the perks and perils of statistical models is given at 

the first pages of the introductory statistics book Statistical Rethinking, by McElreath. 

Statistical models are compared to a kabbalistic Golem: a clay robot that is “animated 

by truth, but lacking free will, [and doing] exactly what it is told”24, p. 1. McElreath 

explains that statistical models are similar: “Rather than idealized angels of reason, 

scientific models are powerful clay robots without intent of their own [...] [A scientific 

model] doesn’t discern when the context is inappropriate for its answers. It just knows 

its own procedure, nothing else. It just does as it’s told”24, p. 2. To appropriately “tell” a 

statistical model what aim to serve, the clinical research question must be translated 

to a quantity of interest, i.e., an estimand. Using statistical models as part of statistical 

reasoning yields estimates with a clear interpretation, but the process of generating 

them may be too rigid or nitty-gritty to inform clinical reality. From the perspective of 

clinical reasoning however, it is clear what information would be a relevant finding, 

but the scope and complexity of the desired result may be broader than a statistical 

model can address.

Efforts to put estimands at the center of clinical research may be better received 

if researchers are more aware of the perspective they naturally take on (be it clinical 

or statistical) and the strengths and pitfalls of that view. Specifically, it would be 

valuable to better understand how clinicians can adopt a research perspective while 

contributing their clinical expertise, which is (by definition) vital to clinical research. 

An overview of the two perspectives and their complementary contributions to clinical 

research would be helpful in this regard. Special attention could be given to the role 

of targeted research questions as they inform how to design a study and statistical 

analysis such that the most applicable clinical evidence can be generated in a language 

understandable by clinicians and statisticians.

2. Identify the optimal balance between succinctness and completeness of target-

ed research questions

For a targeted research question to guide study conduct, it must be clear from its 

specification how to design the study. Obvious as this may sound, it is challenging to 

formulate a complete yet concise research problem. This is further complicated by the 

fact that discoveries made during a research project may influence which topic is of 
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interest and thus change the research question. To accommodate iterative refinement 

of a research question, it seems relevant to develop methods that evaluate whether a 

research question has sufficient ‘targeting’ capacity.

A potential development direction for such a method could be a checklist intended 

to assist clinical investigators with understanding the purpose of their research from 

a clinical point of view, rather than from quantitative considerations. Such a checklist 

ideally contains questions rather than criteria. The intended way of use would be 

to answer a set of questions multiple times throughout a research project, mostly 

at the start of the project, to have focused answers established before consulting a 

statistician to support decisions regarding the design and analysis of the study, and 

to go over the questions once more when the results are obtained. Because the items 

are stated as questions, the checklist can be thought of as a more formative evaluation 

that helps cultivating a critical attitude towards the rigor of the study aim, rather than 

a summative checklist that states what a project should ultimately contain25, which is 

more common to protocol, risk of bias, or reporting checklists26. Examples of topics 

that might be addressed include questions that help to identify the overall objective 

of the study, to target a research question prior to data analysis, to further target the 

research question at later stages of the analysis, and to report the established targeted 

research question.

3. Specify how and when targeted research questions differ between studies of 

causal inference and prediction modelling studies

An extensive body of literature seems to have established which elements specify 

a well-defined targeted research question and estimand in therapeutic studies of 

pharmacological interventions1. Yet, defining these elements in therapeutic research 

of complex interventions is arguably less straightforward27. For instance, in studies of 

operative interventions there is a clear variation in relative importance of elements of 

the complex intervention under study. Although the intervention strategy technically 

consists of a combined operative (point) intervention and postoperative (longitudinal) 

treatment regimen, the effect of interest is generally that of the operative intervention. 

Implicitly this might be acknowledged by ignoring postoperative treatment (invoking 

1	 Being the target population, treatment strategies being compared (with five main treatment strategies; 
treatment policy strategy, composite strategy, while-on-treatment strategy, hypothetical strategy, and 
principal stratification), treatment assignment procedures, follow-up period, outcome of interest (what 
and when), and causal contrast(s) of interest.
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the assumption that it is either irrelevant to the effect of interest or similar across the 

target population, making the effect found to be at least generalizable), but the choice 

of estimand is, again, preferably explicit. Defining targeted research questions and 

estimands that explicitly consider relative importance within complex interventions 

seems an important item on the agenda of future research into operative interventions.

Specifying a naturally occurring exposure such that it is sufficiently well-defined is 

arguably less straightforward than specifying assigned interventions13,28. The question 

how to capture the causal impulse of a phenomenon is therefore an important area 

of future work on etiologic targeted research questions. Investigations that might be 

helpful in this regard include studies on how exposure time origins should be anchored 

(relative to calendar time or other events) and whether exposure trajectories could 

be mapped to treatment strategies as defined by the ICH8, including a discussion of 

deviations and approaches to address them. It is not unlikely that these considerations 

depend so heavily on the clinical context of a specific etiological study that such 

research should be conducted within a particular clinical field (see also the section on 

exemplars below).

The specification of estimands has received less explicit attention in the context of 

prediction research. Important elements of the research question have been defined4 

and discussed as separate topics such as defining the timing of the prediction29 and 

addressing intercurrent events similar to the ICH E9(R1) strategies30,31. However, to 

our knowledge, only one unpublished manuscript explicitly discusses how to define 

a prediction target in prediction research32. Further research on prediction targets is 

particularly eminent because prediction targets do not map to causal estimands one-

to-one. A causal estimand expresses a hypothetical effect in a target population and 

the term “estimand”, i.e., “that which is to be estimated”, directly refers to this effect. 

In prediction research, the quantity that is targeted is a conditional probability of the 

outcome of interest, and it is up for discussion whether an abstract quantity can be 

pinpointed that represents the corresponding targeted conditional probability33.

4. Learn about targeted research questions through empirical exemplar studies

The recommendations for future research stated so far mainly considered theoretical 

developments. However, it is likely that these insights can also be acquired by 

conducting clinical research according to best known practice. One example of such 

research is a study on the effect of zidovudine on the survival of human immune-

154034_Luiken,Kim_BNW-def.indd   206154034_Luiken,Kim_BNW-def.indd   206 30-03-2022   10:2930-03-2022   10:29



207

Chapter 9

deficiency virus-positive men34. Lessons from such exemplar studies might make 

important contributions to methodological research.

5. Teach formulating targeted research questions

As a final recommendation, targeted research questions merit a more central position 

in teaching on clinical research for both students with a clinical background and with 

a statistical background to emphasize that numbers do not speak for themselves.

Teaching material for students with a clinical background could explain how a study 

design and analysis can be aligned with a certain aim. Some textbooks already head in 

this direction, e.g.,35-37, but the guiding principle of the estimand can be put more at the 

forefront, similar to e.g. Van der Laan and Rose38 (yet aimed at a less technical audience). 

A possible corresponding teaching structure is to assign reproducibility projects rather 

than having students conduct a research project from scratch. Especially for researchers 

new to the field, questioning decisions made in an existing study might be a fruitful 

learning strategy. Not having to consider the myriad decisions that need to be made 

when performing a research project (and most likely being deliberately discouraged 

from reaching the level of expertise needed to make informed choices) likely results 

in more mind space to focus on the (mis)alignment in study aim, operationalization, 

and interpretation.

Teaching material for students with a statistical background could clarify more 

systematically how a technical procedure follows from the overall aim of the study. 

This would fit with the current new wave of statistics education that no longer starts 

with formal probability theory as a basis for statistical inference and emphasizes non-

technical issues such as the importance of the research question and data quality39-42. 

Ideally, each vignette or technical assignment contains a reminder of the purpose for 

which the procedure is applied and questions the alignment and interpretation with 

respect to that aim.

In conclusion

This thesis described the impact of various choices regarding the design and statistical 

analysis of a study on the meaning of its numerical results. Clearly defining a clinically 

relevant estimand ensures that data analytical decisions yield meaningful results. 

Making targeted research questions central to quantitative clinical research can reduce 

fallacious confidence in (complex) methods and can add to intelligibility of findings.
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