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ABSTRACT

Use of stepped wedge design (SWD) trials have increased exponentially over the past
decade (Hooper & Eldridge, 2020). Concomitantly, due to the increasing prevalence
of neck pain in the workforce, interventions are necessary and have to be evaluated.
Stepped-wedge designs are adaptive, so they can and should adjust to externalities.
For example, the COVID-19 pandemic introduces a period effect that could perturb the
design. To understand SWD‘s potential vulnerability to the secular trend of a pandemic
(or other period effect in future conductance), we compare a classical SWD analysis
to an item-response theory (IRT) approach that only utilizes before-after segments of
the data collected. A national “closed-cohort” SWD was examined (n = 120 with 4
measurements, 480 measurements). The outcome measure is the European Quality of
Life instrument (EQoL-5D-5L). Our “gold standard” SWD analysis yielded a significant
effect of Cohen‘s d = .29, SE = .009. In comparison, our newly proposed IRT model
yielded a similarly significant effect of Cohen‘s d= .31, but with power loss as indicated
by a higher SE = .19. Finally, our “crude”, classical paired t-test yielded a greater effect
size of Cohen‘s d = .36, SE = .007. For IRT, the average-relative parameter bias was 7%
and considered below the ignorable 10–15% threshold (Rodriguez, Reis, & Haviland,
2016). For paired t-test, the average-relative parameter bias was an unacceptable 24%.
An IRT-alternative to SWD designs with before-after data yields unbiased effects, but
loses power. The IRT approach may be replicated in another SWD design outside of the
period of the COVID-19 pandemic to understand it‘s potential under “normal” study
conditions.
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INTRODUCTION

Use of stepped wedge design (SWD) trials have increased exponentially over
the past decade (Hooper & Eldridge, 2020). An SWD is defined as a baseline
collection of observations where no clusters are exposed to an intervention,
followed by random and sequential crossover of clusters from control to
intervention until all clusters have been exposed. Concomitantly, due to the
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increasing prevalence of neck pain in the workforce, interventions are neces-
sary and have to be evaluated. Stepped-wedge designs are adaptive, so they
can and should adjust to externalities. For example, the COVID-19 pan-
demic introduces a period effect that could perturb the design. To understand
SWD‘s potential vulnerability to the secular trend of a pandemic (or other
period effect in future conductance), we compare a classical SWD analysis
to an item-response theory (IRT) approach that only utilizes before-after seg-
ments of the data collected. Understanding the relative-advantages of classical
SWD analyses may hold import for recommendations regarding continuous
data collections (i.e., response burden) under “known” externalities in future
research.

Several complex analytic approaches to SWDs have previously been
reviewed, but a complementary approach may be a more advanced mea-
surement theory (Li & Wang, 2022). For example, Li and Wang note
that SWD analyses can be classified as either conditional (cluster-specific)
or marginal (population-averaged) regression models (2022). Both of these
models, however, are rooted in classical test theory. In complement, a model-
based measurement approach, IRT may be adopted for analysing SWD data
(Embretson, 1999). IRT assumptions enable accounting for secular trends
in the SWD design, so long as within-cluster equality constraints are appro-
priately applied. For example, regardless of regression-based model, Li &
Wang note that high-quality SWDs should report ICCs, as well as modeling
assumptions for secular trends and random-effects (2022). IRT‘s distribution-
free parameter estimates enables meaningful assessment of change regardless
of baseline values (Embretson & Poggio, 2012).

Research Questions

Should all participants continue to be measured after intervention (burden-
some measurement)? Can we impose a different analysis (two-time point,
uncontrolled before-after) on the SWD to obtain period/event-robust effect
estimates? Specifically, a before-after extension of IRT‘s bifactor model for
assessing change is applied to the current dataset (Cai, 2010). The logic-flow
illustrating our planned “horizontal-block comparisons” and the IRT model
used for estimation is displayed in Figure 1 below.

Figure 1: Illustration of SWD horizontal comparisons to before-after redesign approach
using IRT before-after bifactor model.
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SAMPLE & METHODS

The dataset comes from a nationally funded project entitled NEXPRO
(Aegerter et al., 2022). This may be classified as a “closed-cohort” variant of
SWDs (Li &Wang, 2022). In a closed-cohort design, a suitable population is
identified at the beginning of the study with repeated follow-up measurement
after cross-over, but no adjustments are made in terms of participant attri-
tions and consequent additions. Approximately half of our sample (n = 120
with 4 measurements, 480 measurements) comprises employees working in
the health-system education context with common neck problems.

The outcome measure is the European Quality of Life instrument (EQoL-
5D-5L).

Three analytic estimates are reported: 1) We compare classic SWD analy-
ses (n = 296) with 2) IRT estimates from before-after segments (n = 194)
of the dataset, and 3) A classical paired t-test. Effect size estimates and
standard errors are reported to allow interpretations of estimate bias and
power, respectively. The classic SWD analysis served as “gold standard”
comparator for accurate estimates that takes full power-advantage of all mea-
surements. Specifically, a generalized linear mixed-effects model with robust
estimates was used, entering random-intercepts for repeated-measurement
and fixed-effects for cluster, time, and intervention to estimate changes in
EQoL.

Specifically, we compare effect sizes and standard errors across analytic
approaches. By comparing effect size estimates across analyses, we should
gain understanding as-to potential bias from including additional measures
during pandemic perturbation. Complementary, comparing standard errors
should give insight into potential power loss from “ignoring”additional mea-
surements. Applying parameter inputs from Hooper and Eldridge‘s (2021)
illustration of SWD variants, for example, we obtained an anticipated power
estimate of 1−β = .70 for our planned “horizontal-block comparisons”.

RESULTS

Our “gold standard” SWD analysis yielded a significant effect of Cohen‘s
d = .29, SE = .009. In comparison, our newly proposed IRT model yielded
a similarly significant effect of Cohen‘s d = .31, but with power loss as indi-
cated by a higher SE = .19. Finally, our “crude” classical paired t-test yielded
a greater effect size of Cohen’s d = .36, but with “gold standard”-similar
SE = .007 (perhaps due to ignoring pandemic-secular trend perturbation.
These results are summarized in Table 1 below.

Table 1. Summary across models of effect size (potential bias) and
standard error (proxy power) estimates.

Model-Analytic Approach Effect Size Standard Error

SWD “Gold Standard” .29 .009
IRT “Before-After” Bifactor .31 .19
CTT “Paired T-test” .36 .007
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For IRT vs. “gold standard”, the average-relative parameter bias (d = .29
vs. d=.31) was 7% and considered below the ignorable 10–15% threshold
(Rodriguez, Reis, & Haviland, 2016). For paired t-test, the average-relative
parameter bias was an unacceptable 24% (d = .29 vs. d=.36).

DISCUSSION

IRT reduces bias but loses power due to measurement specification. Thus,
if researchers are interested in obtaining accurate (unbiased) intervention-
effect estimates and wish to reduce response burden by ignoring follow-up (or
pre-advanced) measurements (perhaps due to pandemic externalities, lengthy
measurements, or vulnerable populations), then the IRT approach would be
appropriate, if sacrificing power and potential statistical significance.

We provided an analytic alternative to SWDs in cases of unforeseeable
externalities, such as the period effects of a global pandemic. Such “sec-
ular trends” are consistently called on for accountability in SWD analyses
(Li &Wang, 2022). In the current study, imposition of “equality constraints”
in an IRT-based modeling approach is equivalent to the “period-additivity”
assumption of common linear-mixed effects models, although IRT is inher-
ently non-linear (Kennedy-Shaffer, Gruttola, & Lipsitch, 2019). Indeed, our
robust approach may most closely related to the non-parametric, between-
period (“horizontal”) comparisons elaborated by Thompson and colleagues
(2018).

In addition to our period-robust analytic approach, several design alter-
natives may also mitigate bias from “secular trends” in SWDs. For example,
another practical consideration to minimize potential disruption from period
effects may be to simply contract the timescale of the rollout. Obviously, there
may be meaningful limitations in terms of saturation or detection of effects.
Still, from a statistical power standpoint, Hooper & Eldridge (2021) illus-
trated how contracting the timescale or other “clustering tweaks” may still
succeed in attaining a nominally acceptable power rate of 80%. The shorter
the trial overall, the shorter the potential contamination from a pandemic or
other externality.

LIMITATIONS

There are several substantive limitations to the current study that are note-
worthy. We restrict our analysis to a simple, 5-item EURO-QoL measure,
although much more complex measures with several more items will obvi-
ously increase modeling complexity. Also, depending on the motivation of
the SWD, the currently proposed “before-after” restructuring may or may
not be advisable. For example, if the primary motivation for the SWD is to
ensure every participant / cluster receives treatment, then perhaps the current
“before-after” restructuration is inadvisable, as effect “duration” may be of
more interest than simple “effect presence”. On the other hand, if the SWD is
motivated primarily for logistical purposes, or is being administered in a pro-
gram that is already prepared for full-rollout, then perhaps the “before-after”
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restructuration and effect estimate is desirable. Finally, in cases where con-
tamination between control and intervention is more likely (e.g., proximal
clusters), the “before-after” approach may be less advisable.

CONCLUSION

An IRT-alternative to SWD designs with before-after data yields unbiased
effects, but loses power. The IRT approach may be replicated in another SWD
design outside of the period of the COVID-19 pandemic to understand it‘s
potential under “normal” study conditions.
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