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studies.

Observational studies have a critical role in health and medi-
cal research, providing the opportunity to address a range of
research questions. In disability research, such studies can
be used, for example, to describe developmental trajectories
and prevalence of disabilities, identify individuals at risk of
secondary health concerns, or investigate the impact of in-
terventions to improve health outcomes when conducting a
trial may not be ethical, timely, or feasible.

Effective use of observational data relies heavily on robust
statistical design and analysis methodology, particularly in
the disability field, which presents specific challenges. Over
the past decades, there have been substantial developments
in statistical methods for observational studies, most nota-
bly for causal inference. However, the uptake of these meth-
odologies in practice has been slow and often limited by lack
of access to biostatistical expertise or training.

In this review, we provide readers with an overview of
modern concepts and analytical methods for observational
studies, focusing on their use in disability research. We first
review the importance of formulating a clear research ques-
tion and the three key types of research questions (descrip-
tive, predictive, and causal). We then provide an overview
of the key statistical considerations relevant to defining and

Observational studies have a critical role in disability research, providing the op-
portunity to address a range of research questions. Over the past decades, there have
been substantial shifts and developments in statistical methods for observational
studies, most notably for causal inference. In this review, we provide an overview
of modern design and analysis concepts critical for observational studies, drawing
examples from the field of disability research and highlighting the challenges in
this field, to inform the readership on important statistical considerations for their

addressing each question type, with focus on important prin-
ciples to strengthen the quality of observational studies. We
conclude with a brief overview of key considerations when
reporting and interpreting the results from these studies.

Throughout, we emphasize the importance of plan-
ning statistical analyses in advance, regardless of the type
of study. A thorough statistical analysis plan (SAP) is vital
to ensure a well-designed analysis, with statistical method-
ological decisions considered and justified. We present the
readers with a statistical analysis plan template used in our
institutes and hope this tool can provide guidance for others
who are planning observational studies."

THE TYPE OF RESEARCH QUESTION

The starting point to any study (trial or observational) is
a clearly defined research question that articulates the re-
search aim in terms of a statistical question. This provides
a crucial foundation for subsequent design and analytical
decisions. Although seemingly trivial, developing a clear
research question can be one of the most time-consuming
stages of any study.

Abbreviation: DAG, directed acyclic graph; SAP, statistical analysis plan
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It can be argued that research questions can be classified
into three types according to their purpose: descriptive, pre-
dictive, and causal.? All three are relevant to the disability
field and each entails specific design and analytical concepts
as summarized in Table 1. So, how is the type of research
question determined? In general, by considering the trans-
lational intent of the research.” For example, is the study
aiming to inform the extent of a health problem (descriptive
questions), who is at higher risk (predictive), or how to treat
or prevent it (causal)?

DESCRIPTIVE
RESEARCH QUESTIONS

Descriptive questions are fundamental to disability research
and aim to characterize the distribution of a feature or out-
come across a population of interest, for example, describ-
ing developmental trajectories and disability prevalence
over time or describing the characteristics of understudied
groups that may not be well understood.*

For many years, descriptive research questions garnered
the misleading label of being ‘simpler’ or ‘more straightfor-
ward’ compared to predictive or causal research questions;
however, recent work has emphasized the importance of
descriptive epidemiology and the statistical rigour required
to conduct good descriptive studies.*”® Indeed, descriptive
research questions present their own analytical complexities
and are at risk of selection and measurement bias, so careful
design is paramount.

Study design (pre-analysis considerations)

The design framework of Lesko et al.,* outlined in Table 2,
provides a useful tool to aid the design process for descrip-
tive research questions. The design consists of three steps.

Step 1 is to define the target estimand (i.e. what you are
interested in knowing), which is characterized by the tar-
get population, outcome of interest, and how the outcome
distribution will be summarized (e.g. prevalence, mean). It
is important to specify, if relevant, any stratified (or sub-
group) analyses of interest. This is particularly relevant in
heterogeneous populations, where there is a need to de-
scribe the outcomes for different subgroups of the popu-
lation of interest.

Step 2 is to plan the statistical analysis by specifying the
data decisions (e.g. how you will use your study sample) to
align as closely as possible with the target estimand, noting
any disparities and the potential for bias to be introduced.
Analytical decisions should be based on these design con-
siderations, with steps taken to minimize potential biases.

For example, one might plan to use some form of ad-
justment (i.e. perturbing an estimate in some way) to
reduce selection bias (i.e. by rebalancing the covariate dis-
tribution in the analytical sample in some way to be more
representative of the target population). Causal diagrams

What this paper adds

o Descriptive research questions have specific ana-
lytical complexities, so careful statistical design
before analysis is critical.

o Prediction research aims to produce a model with
good predictive ability and requires thorough sta-
tistical design prior to analysis.

o Causal research requires careful statistical analy-
sis planning, facilitated by modern causal infer-
ence concepts and analytical methods.

o Adopting these approaches will strengthen the
quality of observational studies addressing a
range of research questions in the disability space.

can be used to help identify such potential sources of selec-
tion bias (see the section on ‘Causal research questions’ for
further discussion). However, for many years the notion
of adjustment has not been well understood in the setting
of descriptive studies. In fact, understanding the utility of
adjustment is complex and we direct readers to the discus-
sions by Kaufman’ while reinforcing that if an adjustment
is to be made in the descriptive setting, the motivation
should be clear and justified and the results interpreted
accordingly.

Analytic methods

Once the statistical analysis has been designed, step 3 is to
estimate the summary measure of interest using an appro-
priate analytical method. If there are no missing data or
other source of selection or measurement bias, this could be
as simple as estimating the sample summary statistic.

In Table 2, we present an illustrative example of this
process based on a previously published study that de-
scribes the mean developmental spoken language trajec-
tories of children (aged from 18 months to 8years) with
cerebral palsy.® In the presented example, the use of the
framework described enabled clear identification of addi-
tional sources of potential selection bias (a result of the
convenience sampling design and exclusion of children
where no parents could speak Dutch fluently), which was
not discussed in the published study. In addition, the
framework enhanced transparency of the assumptions
underpinning the analytical approach applied (the para-
metric assumption of the mean trajectory being the same
for the whole sample across the age window), allowing re-
searchers to be aware of and thus assess whether this may
be a valid assumption (or not).

Within the disability field, one of the most complex chal-
lenges in descriptive research questions, broadly speaking,
is the potential issue of selection bias. Disabled populations
tend to be heterogeneous, with fundamental differences
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TABLE 1

Descriptive

Example(s) What are the developmental
trajectories of spoken language
comprehension in children with
CP? (See Table 2 for a worked
example)

What is the prevalence of spoken
language comprehension
difficulties in younger children
with CP compared to older
children with CP?

Study design (pre-analysis

considerations

and approaches;

development of an

SAP) subgroup analyses are of interest.

2. Plan the analysis to answer the

question by specifying data
decisions (analytical study
sample, outcome measure) to

question (target population,
outcome, summary measure).

minimize the risk of bias. 3.

Data analysis 3. Estimate the summary measure 4.

using an appropriate analytical
method, for example, sample
summary statistic in the setting
with no missing data or other
source of selection bias and no

measurement error. 5.

1. Define key aspects of your 1.

If relevant, specify whether any 2.

Predictive

How accurately does parent-

reported gross motor function
at age 2years predict significant
movement difficulties at

age 5years in children born
extremely preterm?

Specify key aspects of your
question (target population,

General overview of the statistical design and analysis principles relating to each type of research question®.

Causal

What is the impact of distal rectus

femoris transfer in ambulatory
children with CP on knee flexion
range of motion? (See Table 3 for
a worked example)

. Define the causal effect by

specifying the ‘target trial’.

outcome, predictors). 2. Identify potential sources of bias
Identify whether your data are by developing causal diagrams
appropriate (analytical study (i.e. DAGS).

sample, outcome measure, 3. Plan the analysis to minimize
predictor measures) in addition identified biases by developing an
to whether the sample size is appropriate emulation strategy to
sufficient. align closely with the ‘target trial’.
Identify an appropriate model

building method dependent on

considerations in (2).

Develop your prediction model. 4. Estimate the causal effect

This may involve considering using an appropriate analytical
variable selection (if sample size method, for example:

is still a challenge) and functional « Adjust for confounding using
forms (if specifying a regression or multivariable regression,

other parametric model). G-methods, doubly robust
Evaluate the predictive approaches.

performance of your model using « Handle missing data using IPW,
a suitable approach and update the multiple imputation, etc.

model (if required). 5. Conduct informal sensitivity

. Evaluate the performance of the

prediction model on a new data
set (external validation).

analysis or preferably formal
quantitative bias analysis to assess
the robustness of findings to
alternative assumptions.

Abbreviations: CP, cerebral palsy; DAG, directed acyclic graph; IPW, inverse probability weighting; ROM, range of motion; SAP, statistical analysis plan.

*We provide these as rough guidelines and do not cover the complete nuances that may be relevant for each individual question. We refer readers to a SAP template that we use

at our institutes.'

across their ages and developmental stages. Therefore, en-
suring that analytical samples are representative of the
population we are trying to describe and generalize to (or
being aware of how they are not) is critical. Taking time to
carefully apply the design framework presented in this re-
view will benefit this process, enabling selection bias to be
minimized or clearly acknowledged in the interpretation of
studies addressing descriptive research questions.

PREDICTIVE RESEARCH QUESTIONS

Predictive research questions aim to predict the risk or mean
of an outcome based on measured factors. Such questions
may look at the predictive ability of a single predictor, for ex-
ample, parent-reported gross motor function at age 2 years to
predict movement difficulties at age 5years in children born
extremely preterm.” Alternatively, several predictors may be
combined into a single model, for example, using multiple

movement measures taken in the first 16 weeks of life to pre-
dict developmental delay at age 2years in infants born very
preterm or infants of very low birthweight.'® Accurate pre-
diction models can help identify individuals at higher risk
and who may therefore require different clinical care.

Over the last decade, advances in prediction research
have focused on analytical methodologies; yet, as with
other types of research questions, careful statistical design
before analysis is critical. Importantly, the goal of predic-
tion is not unbiased estimation (as is the goal of descriptive
and causal questions), but rather to produce a model with
good predictive ability (i.e. that can accurately identify in-
dividuals at risk).

Study design (pre-analysis considerations)

The design stage for predictive research follows a similar
process to descriptive and causal questions, that is, first
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TABLE 2 Descriptive research question applying the framework of Lesko et al.* to a published study®.

Target estimand Data decisions

Target population: Children with CP in the Analytic sample: Children with CP

Netherlands aged from 18 months to (aged from 18 months to 8 years) in
8years. the Netherlands, recruited between
Exclusions: November 2017 and August 2018 using

o Children with severe auditory problems. convenience sampling (hospitals,
o Children with severe visual problems. rehabilitation, day care centres).
o Children with severe cerebral visual Recruited in three age groups:
impairment. « Toddlers (18 months to 3years 11 months).
o Preschool children (4 years to 5years
11 months).
« School-age children (6years to 8 years
11 months).
Exclusions:

« Children with severe auditory problems
(hearing threshold > 31 dB for the best
ear).

« Children with severe visual problems

(<0.3 corrected with spectacles for the best

eye).

o Children with severe cerebral visual
impairment.

o Children with parents who did not speak
Dutch fluently (required one parent to be
able to do this to be included).

o Children with baseline measure only (i.e.
no follow-up outcome measures).

Outcome measure: SLC assessed with the Outcome measure: SLC assessed with the
C-BiLLT (good accessible tool) across C-BiLLT (good accessible tool). Raw
18 months to 8years. scores used.

The outcome was measured at three time
points: (1) baseline (time of recruitment);
(2) 12 months after recruitment; and (3)
30 months after recruitment. The age
when these measurements occurred
varied for each child.

Summary measure: Mean vocabulary -
score trajectory across the age range of
18 months to 8years.

Potential biases

Selection bias may be an issue due to:

1. convenience sampling design because only
children accessing services (hospitals,
rehabilitation, day care centres) are recruited;

2. exclusion of children where no parents could
speak Dutch fluently;

3. exclusion of participants with no follow-up
outcome measures beyond the baseline measure.

The above considerations mean that we have a
potential risk of selection bias as the analytical
sample may not be reflective of the target
population, especially if we believe that (1)
children not accessing these services differ from
those who do, (2) children with non-Dutch
speaking parents differ from those who are
fluent, and (3) children who did not complete
follow-up differed from those who did.

In the published study, item (3) was acknowledged,
stating that there was a higher proportion of
AAC users in dropouts. The analytical sample
therefore may underrepresent AAC users
relative to the target population. This could
potentially lead to selection bias, although this
depends on the causes of completing follow-up
and how they related to the outcome.*® The
study could have used alternative analytical
approaches to minimize the potential selection
bias as a result of loss to follow-up (e.g.
multiple imputation). Items (1) and (2) were not
discussed in the published study.

No single participant had outcome measures
spanning across the time window (18 months to
8years) of the developmental trajectories (each
individual covers 30 months at most and was
measured at varying ages), that is, there were
missing data across different age ranges for
individuals.

Therefore, to estimate the mean developmental
trajectory, the authors used an analytical
approach (linear mixed models) to model
available outcome measures over the age range.
This approach smooths over all individuals
in the sample by making the parametric
assumption that the mean trajectory is the same
for the whole sample across the age range of
interest (e.g. those measured at a younger age
would have the same mean development as
those measured at an older age). If this is not
a reasonable assumption, then the study is at
risk of bias because of misspecification of the
parametric model (parametric assumptions
bias).

Measurement bias may be an issue if the instrument
(C-BiLLT) is not an appropriate tool to measure
SLC in this population.

Abbreviations: AAC, augmentative and alternative communication; C-BiLLT, Computer-Based instrument for Low motor Language Testing; CP, cerebral palsy; SLC, spoken

language comprehension.

*The study aimed to describe the developmental trajectories of spoken language comprehension in children with CP across the ages of 18 months to 8years.®
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specifying key aspects of the research question before con-
sidering how feasible it is to answer it with the observational
data at hand (Table 1, steps 1 and 2). Key considerations in
predictive research are whether the sample is representa-
tive of the target population, whether the outcome has been
measured using a valid reliable measure, and whether the
predictors are accurately measured and easily reproducible.

The first aspect relates to selection bias and will impact
whether the prediction model performs well in the target
population (e.g. performance may be poor if the prediction
model is developed using a non-representative sample). The
second and third aspects relate to measurement bias and
how useful the prediction model will be in real-world set-
tings (e.g. utility will be limited if predictors are not measur-
able in routine practice in a reproducible way).

It is also important to consider whether the sample size
is sufficient to develop the prediction model. This may be a
challenge in disability research where sample sizes can be re-
stricted. Previous guidance suggested ‘10 events per variable’
as a general rule of thumb, although this has little practical
use."" More recent advice has suggested considering the com-
plexity of the intended prediction model and its predictive
performance." Considering the sample size can help deter-
mine whether building a prediction model is feasible, and if
so, guide the selection of an appropriate model building ap-
proach (e.g. use of machine learning or whether variable selec-
tion is required to select a subset of predictors; Table 1, step 3).

Analytic methods

The analytical process tends to follow a consistent workflow
(broadly outlined in Table 1, steps 4-6) and broadly involves
building a prediction model and assessing its performance
before externally validating the prediction model. In the
multivariable setting, traditional model building approaches
focused heavily on the use of multivariable regression (e.g. lo-
gistic regression in the binary outcome setting). This approach
has the benefit of an accessible implementation, although it is
less flexible because it relies on potentially simplistic assump-
tions about the form of the relationships between variables,
which could have impacts on the model's predictive ability.

Recent methodological advancements have seen a shift
towards the use of machine learning methods for predic-
tion.'? Such methods relax regression assumptions, enabling
more flexible modelling when building a prediction model
(e.g. the model adapts and learns from the data), which can
lead to a better predictive ability. However, machine learn-
ing methods also require substantially larger sample sizes,"
which may not be a feasible option in disability research.
Therefore, while the promise of more advanced modelling
methods offers some advantages, we encourage readers to
consider the most appropriate method for their purpose in
light of the available sample size.

After building the model, it is important to assess the
predictive performance of the model (Table 1, step 5), which
may lead to further model modifications. The metrics used to

assess performance depend heavily on the predictive ability
of the model, with traditional methods focusing on discrim-
ination (how well the model distinguishes between those ex-
periencing the outcome and those who do not), calibration
(how well the predicted outcome distribution matches the
observed distribution),"”®> and overall measures. However,
these metrics do not accurately convey the clinical utility
of a prediction model (i.e. is the model worth using at all or
whether alternative models, corresponding to different clin-
ical strategies, should be used). Other approaches to perfor-
mance assessment, such as decision-curve analysis," focus on
these key aspects and complement traditional metrics.

Once an appropriate prediction model has been finalized,
itis important to externally validate the model on a new data
set to understand its wider utility (Table 1, step 6). However,
this step is often overlooked in practice. External validation
presents an additional challenge in disability research be-
cause it relies on the availability of a relevant data set exter-
nal to the current study, which in the setting of small and
local populations is not always available. However, with the
growing availability of data resources (e.g. electronic medi-
cal records, cohort studies), we hope that the opportunities
for external validation will increase in the disability setting.

Designing and conducting a predictive research study
can be time-consuming and complex; meanwhile, there are
multiple barriers for prediction models to be implemented
in practice, particularly if they have not been well validated
externally. Therefore, it is critical to consider the need for
prediction model development in the first place. If there are
existing prediction models (assuming minimal limitations
of the model), there may be no utility in building an addi-
tional model; rather, efforts may be better invested in vali-
dating that model with your own data."

CAUSAL RESEARCH QUESTIONS

Central to disability research are questions of causality, under-
stood here as questions about the impact of exposures, treat-
ments, or interventions on health outcomes.” Causal questions
are central to informing clinical decision-making and practice.
The randomized controlled trial is widely considered to be the
criterion standard for answering questions around causation;
however, conducting a trial may not always be feasible, timely,
or ethical.” In addition, the use of randomized controlled tri-
als in the disability field may not be optimal because of the
heterogeneous nature of the populations involved.'®

Using observational data to answer causal questions
presents an important alternative. However, causal effect
estimation in observational studies presents its own chal-
lenges beyond potential heterogeneity because it relies on
several (sometimes strong) assumptions,' in particular, that
confounding bias due to the lack of randomization can be
adjusted for. This highlights the need for careful statistical
analysis planning, which is facilitated by modern causal
inference concepts and analytical methods, as has already
been highlighted in the disability field."®
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Study design (pre-analysis considerations)

One of the biggest challenges in causal inference is designing
the study optimally, such that potential biases are minimized
(confounding, selection, and measurement bias'®). Over re-
cent years, several tools have been developed to guide the plan-
ning and interpretation of causal analyses using observational
data.”** The target trial framework is one such example and
involves specifying (via several key components) a hypotheti-
cal randomized controlled trial (i.e. the ‘target trial’) that
could be used to answer the causal question of interest.”*
Given the complexity of designing trials people with disabil-
ity,'® specification of the target trial (even if just hypothetical)
most probably will be challenging; however, doing so provides
clarity and precision to what exactly we are trying to estimate,
that is, the causal effect of interest (Table 1, step 1).

The analysis of observational data to answer causal ques-
tions can then be conceptualized as an attempt to emulate this
target trial to obtain an estimate of the causal effect specified.
Beyond the lack of randomization, there are many other poten-
tial differences between the target trial and the observational
study that need to be considered.” The use of causal diagrams
(also referred to as directed acyclic graphs [DAGs]) is an effec-
tive tool to help identify such potential sources of bias (Table 1,
step 2). DAGs are a visual depiction (via nodes and one-way ar-
rows) of the assumed causal structure underlying the observa-
tional data, driven by substantive content knowledge and often
incorporating unverifiable assumptions. Their use is increas-
ing, including in recent publications in this journal.***° The
use of DAGs can be extremely beneficial in making assump-
tions transparent, particularly when the causal structure may
be highly subjective or complex (e.g. the aetiology of cerebral
palsy). We refer readers elsewhere for further information on
DAGs*****! and encourage their use in disability research.

By referring to the target trial and using DAGs to
identify potential biases, an appropriate emulation strat-
egy (e.g. analytical decisions on how the observational
data will be used) can be designed to minimize potential
sources of bias (e.g. selection of a confounding adjustment
set; see VanderWeele®” for a more in-depth discussion) and
identify any potentially remaining ones (Table 1, step 3).
This highlights the study strengths and limitations and
thus informs the interpretation of findings. Application of
the target trial framework in health research is increas-
ing,* although we are not aware of any published studies
in the disability field.

To illustrate, we present an example (Table 3) applying
the target trial framework to a study from this journal®
alongside two example DAGs (Figure 1). The example pro-
vides a clear demonstration of the benefit of applying the
target trial framework and particularly how vital this can
be for a heterogeneous patient population of interest. The
target trial enables clear definition of the causal estimand of
interest, including clarity around the intervention of interest
(rectus femoris transfer as part of any type of single-event
multilevel surgery) and helps identify potential sources of
bias that were not originally acknowledged in the published

Maximum knee Maximum knee

(@) v flexion (pre-op) _, flexion (pre-op)
Age — - ) Sex
\\A ¥ a '—V — - R ‘//"
Rectus femoris ~—> Knee flexion
—_—
transfer (RFT) ROM

N

Loss to
follow-up

(b)
Maximum knee Maximum knee
_v flexion (pre-op) , flexion (pre-op)
Age TN \ _— Sex
\\A ! ‘ — . N ‘,,/
Rectus femoris ~ > Knee flexion
———
transfer (RFT) ROM
x
/
Health Loss to
_—
insurance follow-up

FIGURE 1 Example directed acyclic graphs (DAGs) for a previously
published observational study®* for illustrative purposes (Table 3), with
focus on the identification of a potential source of selection bias. The
black arrow represents the causal effect of interest: the impact of distal
rectus femoris transfer (RFT) (exposure) on knee flexion range of motion
(ROM) (outcome). The blue arrows represent the confounders and their
assumed relationships with the exposure, the outcome, and each other
(determined by subject-matter knowledge). For example, the arrow

from age to the exposure represents the assumption that the child's age
influences whether they receive an RFT or not. The arrow from age to the
outcome represents the assumption that the age of the child may affect
their current ROM. Note that we have assumed that age also influences
the knee flexion measurements preoperatively, as indicated by the arrow.
The red arrows represent the relationship with loss to follow-up. Loss to
follow-up is shown in a box to indicate that analysis has been restricted to
those with only complete outcome measures. Based on the rules of causal
diagrams,”®® this opens up a non-causal backdoor pathway between
exposure and outcome, thus introducing potential selection bias. Based
on the DAG in (a), we assumed that loss to follow-up is influenced by the
surgery in addition to the outcome (e.g. individuals with worse outcomes
may not attend a postoperative examination). If we believe that this causal
structure is the most appropriate, we may not be able to minimize the
potential selection bias and would acknowledge this as a limitation of our
study. The green arrows represent a potential relationship underlying

the loss to follow-up. For example, whether a family has health insurance
affects whether they receive the surgery; it also impacts whether they have
a postoperative examination and thus a measurement of the outcome
after surgery. Based on the assumed causal structure in (b), we may be
able to minimize selection bias due to loss to follow-up by adjusting for
health insurance (if measured).

study (e.g. the potential measurement bias due to the varied
follow-up times in the observational study). The example
DAGs depict situations where (a) the bias introduced by loss
to follow-up could not be minimised and (b) constructing
a DAG can help identify an appropriate adjustment set that
may be able to minimize this potential bias (by adjusting for
health insurance, if measured).
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Analytical methods

After thoroughly defining the target trial and a suitable
emulation strategy, an appropriate analytical method is re-
quired to estimate the causal effect of interest (Table 1, step
4). In this review, we focus on methods that aim to mini-
mize potential confounding bias through adjustment for the
selected confounder set, broadly referred to as confound-
ing adjustment methods. However, we emphasize that ad-
ditional analytical approaches would be required in a study
to manage selection bias, including due to missing data (e.g.
multiple imputation) and measurement error (e.g. regression
calibration).

For many years, the most common confounding adjust-
ment method for causal effect estimation has been multivari-
able outcome regression, where the outcome is regressed on
the exposure and confounders. However, in the point expo-
sure setting, this method requires the following assumptions
for unbiased estimation: that the specified model is correctly
specified (an untestable assumption) and that the causal effect
is constant across the substrata of the confounders. In many
practical settings, particularly those in disability research
with complex diseases and heterogeneous populations, these
assumptions are not realistic. Furthermore, this approach
is not applicable in complex settings, such as problems with
time-varying exposures or time-varying confounding.

More flexible methods have been developed that relax
the assumptions of regression and are more widely ap-
plicable, and thus may be more appropriate in this field.
Such approaches include g-methods (e.g. inverse probabil-
ity weighting, g-computation, g-estimation)® in addition
to the more recently developed ‘doubly robust’ methods
(e.g. augmented inverse probability weighting,* targeted
maximum likelihood estimation®). The implementation
of g-methods is not too far distanced from multivariable
regression in the point exposure setting,’® although these
approaches also require a correctly specified model (out-
come or propensity score model), which again is an untest-
able assumption.

The ‘doubly robust’ methods, garnering their name
through a double modelling procedure (using both an out-
come and propensity score model), have the added advan-
tage of being more robust to model misspecification by only
requiring one of the two models to be consistently estimated.
In addition, they have the advantage of being able to incor-
porate machine learning in fitting the two models, thus fur-
ther avoiding strong modelling assumptions.

However, a caveat of doubly robust methods incorpo-
rating machine learning falls with their reliance on larger
sample sizes in addition to ongoing research regarding valid
inference with very flexible machine learning approaches.*
Therefore, g-methods or doubly robust methods coupled
with parametric modelling approaches may have greater
use in this research field, given the presence of heteroge-
neous populations, where we expect causal effects to vary

more across individuals, and potential restrictions on sam-
ple size (e.g. in the setting of low-prevalence disabilities).

We also acknowledge that in most settings, the risk of bias
is unavoidable despite best efforts to minimize it. Informal
sensitivity analyses (e.g. considering different confounder
sets or different approaches to handle missing data) or formal
quantitative bias analysis have great utility in this setting,
with the latter allowing quantification of the potential mag-
nitude and direction of biases, while providing an estimate
of uncertainty arising from systematic errors.*’ Application
of such methods in disability research would undoubtedly
contribute to more robust clinical recommendations from
observational studies.

STATISTICAL REPORTING AND
INTERPRETATION

Reporting the statistical aspects of a study can be challeng-
ing, particularly when complex design and analytical meth-
ods have been applied. We outline several key considerations
applicable to all three types of research questions.

First, statistical design decisions should be communi-
cated clearly. Restrictive word limits can present a problem
to the level of detail; therefore, presenting additional infor-
mation in supplementary material may be a viable option.
Furthermore, when reporting study results, it is important
to interpret results in light of these design considerations
and methodological choices, acknowledging potential re-
maining biases as limitations of the study.

When presenting results, we reinforce the need to move
away from dichotomous questions (e.g. ‘Is there an effect?’)
and the related notions of null hypothesis testing and ‘statis-
tical significance’. These approaches lead to a dichotomous
interpretation of confidence intervals and p-values that can
be problematic for reasons well outlined elsewhere.*"** The
interpretation of results should consider instead the mag-
nitude of estimates (alongside a confidence interval and a
p-value), and consider whether they have any clinical rel-
evance, in addition to the uncertainty in the study due to
systematic errors, which the framework described helps
to understand. In addition, we caution readers to consider
how results from multivariable regression are presented and
avoid the common ‘Table 2 fallacy’.*?

Finally, we highlight the availability of reporting frame-
works (e.g. Strengthening the reporting of observational
studies in epidemiology [STROBE],** Transparent Reporting
of a multivariable prediction model for Individual Prognosis
Or Diagnosis [TRIPOD],* and the upcoming Transparent
reporting of observational studies emulating a target trial
[TARGET] framework*®) and encourage their use for trans-
parent reporting of observational studies in the disability
research space. We also refer readers to the previous publica-
tion by Rigby, which provides a useful angle to some of these
concepts from the perspective of a statistical reviewer."”
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CONCLUDING REMARKS

Given the possibilities of observational studies to address
important research questions in the field of disability, it is
critical that best practice is applied in their analysis to ensure
that studies are of high quality with robust conclusions. This
review has provided an overview of modern advancements
in concepts and methods, with key focus on the importance
of defining the question and carefully considering the design
to guide the data analysis and aid in the interpretation of
findings. Adopting these modern approaches will undoubt-
edly be a worthwhile endeavour to strengthen the quality of
observational studies addressing a range of research ques-
tions in the disability space.
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