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Abstract

Background Analyses of within-person change in continuous outcomes are widely used in longitudinal obser-
vational health research. However, modeling change presents challenges, particularly regarding questions

about when adjustment for baseline outcome values is indicated and how to deal with regression to the mean (RTM)
and measurement error (ME). Despite extensive methodological debate, it remains unclear how these issues are
addressed in applied studies and what analytical strategies have been proposed to mitigate related biases.

Methods We conducted a scoping review of methodological studies proposing strategies to address bias when ana-
lyzing within-person change in continuous outcomes and of applied observational studies to examine analytical
practice following PRISMA guidelines and PROSPERO registration (CRD420251024543). MEDLINE and EMBASE were
searched from January 2000 to April 2025. Methodological studies addressed RTM, ME, or related modeling chal-
lenges while applied studies examined longitudinal changes in continuous metabolic syndrome (MetS) indica-

tors as well as body weight outcomes. Findings were synthesized narratively and as a decision framework to help
researchers select analytical strategies according to the bias of interest.

Results We included 66 methodological and 102 applied studies. Methodological studies proposed a range

of approaches to address bias related to RTM and ME, including analytical RTM correction methods, model-based
longitudinal approaches, alternative estimators for baseline-change associations, causal and estimand-based frame-
works, calibration methods, latent-variable models, and flexible ME models. Common recommendations were align-
ing analyses with the research question, accounting for measurement processes, and using repeated measurements
where possible. In contrast, applied studies showed heterogeneity in analytical practice. Forty-nine percent used
models adjusting for baseline outcome values, 44% used models without baseline adjustment, and 7% reported both.
Baseline adjustment was more common in studies examining body weight compared to MetS indicators. Justification
for modeling choices, use of causal tools, and addressing related biases was uncommon.
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Conclusions The methodological literature provides a diverse set of approaches addressing RTM and ME in analy-
ses of within-person change, but many of these considerations are not routinely reflected in applied observational
research. By synthesizing methodological guidance and comparing it with current analytical practice, this review
provides a structured framework to support more transparent and methodologically informed analyses of longitudi-

Keywords Scoping review, Observational longitudinal studies, Within-person change, Regression to the mean,

Background

Longitudinal observational data are widely used in health
research to investigate how exposures and risk factors
relate to changes in health outcomes over time. Quanti-
tative health parameters are frequently measured repeat-
edly as outcomes in cohort and other observational
designs, such as indicators of metabolic dysfunction and
the metabolic syndrome (MetS), including body weight,
blood pressure (BP), lipid profiles, and glycemic markers.
These repeatedly measured outcomes provide opportu-
nities to examine within-person change and its determi-
nants. Large population-based cohort studies, such as
the German National Cohort (NAKO) [1], illustrate the
growing availability of such longitudinal data in modern
epidemiological research. These analyses are central to
understanding health-to-disease transition, disease pro-
gression, treatment effectiveness in real-world settings,
and population health dynamics. However, the statisti-
cal modeling of change in continuous outcomes presents
important methodological challenges [2, 3], particularly
in non-randomized contexts where confounding, meas-
urement error (ME), and model specification can sub-
stantially influence results [4].

Among the statistical approaches commonly used to
model within-person change in continuous outcomes
over time are change-score models, in which change is
calculated as the difference between the follow-up and
baseline measurement and then analyzed as the out-
come variable. In some instances, researchers addition-
ally adjust for the baseline value of the outcome, treating
it as a potential confounder of the association between
exposure and subsequent change. However, adjusting
for baseline values introduces important methodologi-
cal challenges and has been the subject of longstanding
debate [5, 6]. These considerations differ from rand-
omized trials, where randomization ensures compara-
bility of treatment groups in expectation, such that both
baseline-adjusted and change-score analyses are gener-
ally valid for estimating treatment effects, although base-
line adjustment may provide greater statistical efficiency
[7-9].

One key concern in longitudinal observational
research is mathematical coupling [10], which arises

because the baseline measurement is a component of
the change variable itself. Another concern is regres-
sion to the mean (RTM). This phenomenon occurs
when individuals with extreme baseline values naturally
have follow-up measurements closer to the popula-
tion average due to random variation rather than a true
underlying change [11, 12].

These issues are closely linked to ME in baseline assess-
ments. When the initial value of an outcome is meas-
ured with error, part of the apparent change observed at
follow-up may reflect random variation rather than true
within-person change, thereby contributing to RTM. In
this sense, the observed association between baseline
level and subsequent change can arise largely from ME in
the initial measurement [6]. Consequently, the problem
of RTM in analyses of change is often viewed as, at least
in part, a manifestation of ME. This perspective helps
explain why statistical approaches designed to account
for or correct ME in baseline values are frequently pro-
posed as potential solutions to mitigate bias when exam-
ining the relationship between initial values and change
over time [13-15].

In response to these concerns, methodological
research has proposed a range of strategies to address
bias in the analysis of change, including approaches to
correct for ME, alternative modeling frameworks, and
the use of causal inference tools such as directed acyclic
graphs (DAGs) to guide covariate selection and clarify
analytical assumptions [16]. Some recent work suggests
that when the exposure clearly precedes the baseline
measurement of the outcome, unadjusted change-score
models may provide more appropriate estimates than
models that condition on baseline values [7, 16]. Never-
theless, the question of whether baseline adjustment is
warranted is debated and often context dependent.

Despite these methodological developments and
ongoing discussions, there is still no clear consensus
regarding the most appropriate statistical approach for
analyzing within-person change in observational health
research. Moreover, it remains unclear how different
modeling strategies are implemented in applied stud-
ies, how consistently key methodological challenges are
addressed, whether analytical choices are adequately
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justified and transparently reported, and which meth-
ods are used in practice to mitigate the related biases.
This gap between methodological guidance and ana-
lytical practice makes it difficult to interpret findings
across studies and to identify best practices for mod-
eling change in continuous outcomes.

To address this, the present scoping review first exam-
ines the methodological literature on the analysis of
within-person change in continuous outcomes in obser-
vational research. Specifically, we synthesize methodo-
logical studies that evaluate the implications of baseline
adjustment in change-score analyses or describe the
sources of bias that may arise from RTM, and ME, and
summarize the analytical approaches proposed to miti-
gate these challenges. We then examine how within-
person change is modeled in practice by systematically
reviewing observational studies that investigated indica-
tors of body weight and MetS as outcomes as an exam-
ple. In addition to documenting the statistical approaches
used and their frequency in the applied literature, we
assess whether and how key methodological challenges
are addressed, discussed, and justified in published stud-
ies. By integrating evidence from both methodological
and applied research, this review aims to inform more
transparent and robust analyses of within-person change
in future observational health studies.

Methods

This scoping review was conducted in accordance with
the published protocol that was registered in the Interna-
tional Prospective Register of Systematic Reviews (PROS-
PERO; identifier CRD420251024543) and is reported
following the Preferred Reporting Items for Systematic
Review and Meta-Analysis extension for scoping reviews
(PRISMA-ScR) checklist [17].

Search strategy and literature screening

We conducted electronic searches in MEDLINE and
EMBASE from 01/01/2000, up to 15/04/2025. The year 2000
was chosen in order to focus on methodological approaches
and analytical practices used in more recent longitudinal
observational health research. The search strategy was devel-
oped based on the main concepts of the review and was
iteratively refined to include relevant terminology. Reference
lists of relevant reviews were also screened to identify addi-
tional potentially eligible studies. Details of the search strat-
egy are provided in Additional file 1. Titles and abstracts of
all retrieved records were independently screened for eligibil-
ity by two reviewers (MB, EP) using the CAMARADES Pre-
clinical Systematic Review & Meta-analysis Facility (SyRF)
[18]. Prior to screening, duplicate records were identified and
removed using EndNote (Clarivate) [19]. Full-text assessment
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was conducted for studies considered eligible. Disagreements
at any stage were resolved by a third reviewer (KN).

Study selection

This scoping review comprised two complementary com-
ponents: (1) a review of methodological studies exam-
ining statistical strategies to address bias in modeling
change and (2) a review of applied studies that analyze
within-person change in continuous indicators of body
weight and MetS in observational longitudinal health
studies.

Eligible studies were published peer-reviewed research
articles. The methodological component included stud-
ies addressing modeling strategies or bias mitigation
approaches for change in any continuous outcome, irre-
spective of health domain. Methodological studies were
eligible if they discussed statistical methods, simulations,
or conceptual frameworks relevant to modeling change
in continuous outcomes and addressed methodological
challenges such as RTM and ME. For the applied stud-
ies, we selected as example studies that examined longi-
tudinal changes in continuous indicators related to MetS,
including body weight and the following MetS indicators:
high-density lipoprotein cholesterol (HDL-C), hemo-
globin Alc (HbAlc), triglycerides (TG), waist circum-
ference (WC), and blood pressure (BP). We selected this
example to ensure feasibility and limit heterogeneity in
the assessment of analytical practice, and because these
outcomes are commonly assessed repeatedly in longitu-
dinal observational health research and are relevant to
methodological issues concerning within-person change.
Applied studies were eligible if they used observational
longitudinal data to model change over time, evaluated
change in at least one of the specified continuous out-
comes, and included repeated measurements of the out-
come. The following exclusion criteria applied to both
review components: articles not published in English;
studies not involving human participants; randomized
controlled trials and purely cross-sectional studies; stud-
ies without repeated outcome measurements; studies
analyzing only categorical or binary outcomes; studies
not evaluating change; and editorials, study protocols,
dissertations, and conference abstracts. For the applied
component only, reviews, systematic reviews, and meta-
analyses were excluded, although their reference lists
were screened to identify potentially eligible primary
studies. If a single article contained both an applied
empirical analysis and a relevant methodological discus-
sion, it was included in both components of the review.

Data extraction
Data extraction was performed by two researchers (MB,
EP), with discrepancies resolved through consultation
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with a third researcher (KN). Data were extracted using
a predefined standardized form. Data extraction was
conducted separately for the methodological and applied
components. For methodological studies, we extracted
study characteristics, the biases addressed (RTM, ME, or
others), the bias-mitigation techniques proposed or eval-
uated, use of causal tools, and key recommendations and
limitations. For applied studies, we extracted study char-
acteristics, exposure(s) and outcome(s), timing of meas-
urements, and details of the statistical approach used
to model change, including model type, use of baseline
covariates, justification for the chosen method, and use
of DAGs or other causal frameworks. We also recorded
how analyses were framed and clarity of interpretation.
Extracted data were stored in a structured format and
checked for accuracy prior to synthesis.

Data synthesis

We conducted a narrative synthesis to summarize and
interpret findings separately for the methodological
and applied component. Methodological studies were
grouped according to the primary bias addressed (RTM,
ME, or both). Within these groups studies were classified
according to the dominant source of evidence used to
support their conclusions. Studies proposing new meth-
ods or providing theoretical or conceptual discussions
were categorized as methodological or conceptual stud-
ies, those relying primarily on simulated data to evaluate
methodological performance were classified as simula-
tion studies, and studies applying existing methods to
real datasets without proposing new methodology were
classified as applied examples. Within each bias cat-
egory, we summarized study type and grouped the pro-
posed bias-mitigation strategies into conceptual classes
based on similarities in their underlying methodological
approach and the way in which they addressed the rel-
evant source of bias. These classes were developed during
the narrative synthesis based on the approaches identi-
fied in the included studies rather than being predefined.
We then reported the frequency and proportion of stud-
ies within each class. Common strengths and limitations
of proposed approaches were synthesized and summa-
rized in tabular form alongside representative examples.
We also report the proportion of studies that included
applications to real data. Finally, we aimed to use the
synthesized findings to develop structured decision trees
that map methodological approaches for addressing
RTM- and ME-related challenges. For applied studies, we
first grouped studies according to whether the statistical
model adjusted for baseline outcome values. Studies pre-
senting both baseline-adjusted and non-adjusted mod-
els were included in both groups, and we described the
frequency of such studies, whether the use of multiple
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models was justified, and whether results differed across
modeling approaches. Within each group, we summa-
rized study design, number of time points, and distri-
bution of outcomes, including proportions of studies
examining body weight, BMI, HbAlc, TG, HDL-C, WC,
or BP. We examined whether baseline adjustment var-
ied by outcome type and described the statistical models
used to analyze change. We summarized whether authors
justified their modeling choices, whether analyses were
framed as descriptive, explanatory/causal, or predictive,
and whether causal tools such as DAGs were used. The
main analytical aim of each study was classified based on
the stated study objective, the analysis performed, and
the measures reported, rather than on the terminology
used by the authors alone. Studies were classified as pre-
dictive when their main aim was to predict an outcome
and predictive performance was evaluated using appro-
priate measures; the use of terms such as “predictor” or
“predicting” without corresponding predictive analyses
was not considered sufficient for classification as pre-
dictive. We also examined if studies addressed ME and
assessed consistency between stated research questions,
analytical approach, and interpretation of findings.

Results

For the methodological component, 2514 records were
initially identified, and 66 studies [2, 5-7, 16, 20—-80]
were ultimately included. For the applied component,
2714 records were initially identified, of which 102 pub-
lications [81-182] met the inclusion criteria and were
included in the final synthesis (Fig. 1). A detailed list
of excluded studies and the corresponding reasons for
exclusion is provided in Additional file 2: Sheet S1.

Methods studies

The methodological studies are summarized in Fig. 2 and
Additional file 2: Sheet S2.

Studies addressing RTM

A total of 32 methodological studies addressed RTM
[2, 5-7, 16, 23, 26, 28, 32, 34-37, 41, 43, 49-53, 55, 60,
64, 66—69, 71-74, 77]. Among these, four studies [6, 43,
68, 72] also discussed additional sources of bias, includ-
ing correlations with residuals, mathematical coupling,
and selective attrition. Based on the dominant source of
evidence supporting their conclusions, 16 studies were
classified as methodological or conceptual [2, 5-7, 16,
23, 28, 35, 49, 51, 52, 60, 66, 68, 72, 77], 12 as applied
examples using real data [26, 32, 34, 36, 41, 50, 55, 64,
67, 69, 71, 74], and 4 as simulation studies [37, 43, 53,
73]. Most studies included some form of real-data illus-
tration, with 25 of the 32 studies incorporating empiri-
cal applications [2, 3, 23, 26, 28, 32, 34-37, 41, 49-53,
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[ Identification of studies via databases and registers ]

Records identified from:
Applied Studies:
PubMed: 941
5 EMBASE: 1,773
= Total: 2,714
2 Methods Studies:
= PubMed: 906
3 EMBASE: 1,604
= Hand search: 3
Reference search: 1
Total: 2,514
) A4
Records screened:
Applied Studies: 1,869
= Methods Studies: 1,820
£
G
(7] Full text articles assessed for
eligibility:
Applied Studies: 221
Methods Studies: 173

Studies included in review:
Applied Studies: 102
Methods Studies: 66

Fig. 1 The PRISMA flow diagram

55, 60, 64, 66, 67, 69, 71, 73, 74], while seven studies
relied exclusively on methodological exposition or sim-
ulation [5-7, 16, 43, 72, 77].

Across studies, proposed strategies to address RTM
clustered into six broad methodological classes (Fig. 3,
Additional file 1: Table S1): (1) analytical RTM correc-
tion formulas; (2) model-based longitudinal approaches;
(3) methods assessing baseline-change associations; (4)
likelihood/distributional RTM estimators; (5) design-
stage approaches; and (6) causal/estimand guidance and
baseline-adjustment critique.

Analytical RTM correction formulas

Several studies (n=8) proposed analytical corrections
for expected RTM [26, 28, 32, 35, 49, 64, 71, 74]. Spe-
cifically, Schmidt et al. [64] and Tannenbaum et al. [71]
used algebraically equivalent formulas in which the
observed value is shrunk toward the population mean
according to the baseline-follow-up correlation. Kelly

Records removed before screening:
Duplicate records removed:
Applied Studies: 845
Methods Studies: 694

Records excluded after
Title/Abstract screening:
Applied Studies: 1,648
Methods Studies: 1,649

Full text articles excluded:

For being abstracts or duplicates:
Applied Studies: 56

Methods Studies: 23

For deviation from protocol:
Applied Studies: 63

Methods Studies: 84

and Price [49] described the same underlying correction
principle. Cameron et al. [28] extended this framework
to one which allows different standard deviations at dif-
ferent time points and two other articles [26, 35] used
comparable approaches. While the earlier formulas pre-
dict an individual’s expected follow-up score given their
own baseline value, Veldhuizen et al. [74] estimated the
expected RTM shift at the subgroup level following selec-
tion on extreme baseline values. Finally, Chapurlat et al.
[32] proposed an inverse-variance weighted estimator of
an individual’s underlying true baseline value, shrinking
observed measurements toward the population mean
rather than predicting follow-up values.

Model-based longitudinal approaches

A second group of studies (n=8) proposed model-based
longitudinal approaches including mixed-effects models,
conditional models, and growth-curve frameworks [36,
41, 52, 53, 55, 60, 66, 68]. Rather than applying analytical
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Addressing RTM and ME
N=3

1
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1
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1
: \
\ .
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! Conceptual \ N_RTM=12 N_RTM=4
! N_RTM=16 Y N_ME=9 N_ME=11
! N_ME=11 + | N_RTM_ME=2 N_RTM_ME=1
1 \
1 \
1 \
1 \
1 \
1 \
1 \
RTM Class 1 ME Class 1
Analytical RTM correction formulas Calibration and validation-based
N=8 correction
: N=6
T
i !
RTM Class 2 ME Class 2
Model based longitudinal approaches Latent variable and joint modeling
NI=8 approaches
1 N=5
! T
! |
RTM Class 3 ME Class 3
Methods addressing baseline-change Likelihood-based and flexible
associations measurement error models
N=5 N=7
*One additional addressed also ME T
T 1
RTM Class 4 ME Class 4
Likelihood/distributional RTM estimators Reliability-based change detection and
N=1 decision frameworks
H N=5
RTM Class 5 T
Design-stage approaches l
N=4 ME Class 5
! Bias evaluation, design guidance, and
RTM Class 6 methodolz’)\‘g_/;al critique
Causal/estimand guidance & baseline- *One additional addressed also RTM

adjustment critique
N=8
*One additional addressed also ME

Fig. 2 Classification of methodological studies included in the systematic scoping review
Legend: Studies were first grouped according to the methodological issue addressed: regression to the mean (RTM), measurement error (ME),

or both. They were then classified according to the main source of evidence as methodological/conceptual studies, simulation studies, or applied
examples. Approaches identified for addressing RTM and ME were further grouped into six RTM classes and five ME classes based on similarities

in their underlying methodological approach. Studies could contribute to more than one category where applicable; therefore, counts

across categories are not mutually exclusive. Detailed descriptions of each methodological class, including the studies, strengths, limitations,

and recommendations, are provided in Additional file 1: Tables S1 and S2

corrections for expected RTM, these approaches account
for RTM within the modeling framework itself by explic-
itly incorporating baseline values and repeated meas-
urements into the estimation of change. By modeling
individual trajectories over time and using information
from multiple observations, these methods aim to dis-
tinguish true longitudinal change from apparent change

attributable to RTM while allowing the effects of expo-
sures, interventions, and covariates to be examined

simultaneously.

Methods assessing baseline-change associations
Several studies (n=>5) focused on methodological approaches

for evaluating the relationship between baseline values
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Fig. 3 Decision framework for navigating methodological approaches to address regression to mean (RTM) in within-person change analysis

Legend: Suggested classification of RTM studies: class 1: analytical RTM correction formulas; class 2: model-based longitudinal approaches; class
3: methods addressing baseline-change associations; class 4: likelihood/distributional RTM estimators; class 5: design-stage approaches; class 6:

causal/estimand guidance and baseline-adjustment critique

and subsequent change in the presence of RTM and math-
ematical coupling [6, 41, 69, 72, 74]. These studies examined
methods such as Oldham’s approach, Blomgqvist’s correc-
tion, correlation-based analyses, and alternative modeling
frameworks that seek to distinguish true baseline-change
associations from artifacts arising from the statistical
dependence between baseline values and change scores.

Likelihood-based and distributional estimators

One study proposed likelihood-based estimation of
RTM by modeling it explicitly within a statistical dis-
tribution. The method uses maximum likelihood esti-
mation to quantify the RTM effect directly from the
data and separate it from the observed treatment effect
[73]. Unlike analytical correction formulas, which esti-
mate expected RTM using reliability or correlation
measures, this approach estimates RTM as part of the
model-fitting process.

Design-stage approaches

Some studies (n=4) emphasized design-based strategies to
reduce RTM, including the use of control groups, repeated
baseline measurements, and alternative baseline assess-
ments not used for participant selection [23, 34, 67, 77].

Causal and estimand-based guidance

Finally, a group of studies (n=28) framed RTM as a causal
inference and estimand identification problem, using
tools such as DAGs and simulation to examine when

baseline adjustment may mitigate bias and when it may
introduce bias (2, 5, 7, 16, 37, 43, 50, 51]. Although some
of these studies do not explicitly focus on RTM, they
are included because they address the same underlying
source of bias, namely, the dependence between base-
line values and subsequent change, and clarify how ana-
lytical choices can produce misleading associations that
are often attributed to RTM. Among these studies, there
were explicit recommendations about when to adjust
for baseline value of the outcome. Specifically, 4 stud-
ies noted that when the exposure starts before baseline
or affects baseline outcome then routine baseline adjust-
ment should be avoided [2, 7, 16, 50], and 4 studies noted
that when the exposure starts after baseline or the base-
line outcome determines the exposure then baseline
adjustment might be appropriate [5, 7, 43, 51].

Studies addressing ME

A total of 31 methodological studies addressed ME [20—
22,24, 25,27, 29-31, 33, 39, 40, 42, 4447, 54, 5659, 61—
63, 65, 70, 75, 76, 78, 80]. One of these studies [40] also
examined additional methodological challenges, includ-
ing confounding and missing data. Based on the domi-
nant source of evidence supporting their conclusions, 11
studies were classified as methodological or conceptual
[22, 25, 33, 39, 44, 58, 61, 65, 70, 76, 80], 11 as simulation
studies [20, 21, 29, 42, 45, 54, 56, 57, 59, 63, 75], and 9 as
applied examples using real data [24, 27, 30, 31, 40, 46,
47, 62, 78]. Most studies included some form of empirical
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Legend: Suggested classification of ME studies: class 1: calibration and validation-based correction; class 2: latent variable and joint modeling
approaches; class 3: likelihood-based and flexible measurement error models; class 4: reliability-based change detection and decision frameworks;

class 5: bias evaluation, design guidance, and methodological critique

illustration, with 25 of the 31 studies incorporating appli-
cations to real-world data [20-22, 24, 25, 27, 29-31, 33,
39, 40, 42, 44, 46, 47, 56-59, 61, 62, 65, 70, 78].

Across studies, proposed strategies to address ME were
grouped into five broad methodological classes (Fig. 4,
Additional file 1: Table S2): (1) calibration and validation-
based correction; (2) latent variable and joint modeling
approaches; (3) likelihood-based and flexible measure-
ment error models; (4) reliability-based change detec-
tion and decision frameworks; (5) bias evaluation, design
guidance, and methodological critique.

Calibration and validation-based correction

Several studies (n=6) proposed calibration-based
approaches that use validation or ancillary data to cor-
rect for mismeasured variables [30, 31, 54, 65, 70, 80].
These methods include regression calibration, multiple
imputation informed by validation data, biomarker or
gold-standard validation sub-studies, instrumental-varia-
ble extensions, and method-of-moments bias correction
using measurement-error estimates from replicate meas-
urements. The aim of these approaches is to recover or
approximate the underlying true values of mismeasured
variables or to correct the resulting regression estimates
for measurement-error bias.

Latent variable and joint modeling approaches

Another group of studies (n=5) proposed latent-variable
or joint modeling frameworks, including structural equa-
tion models, state—trait models, latent growth models,
and multivariate joint longitudinal models [22, 29, 40, 58,
63]. These approaches assume that the observed meas-
urements are imperfect indicators of an underlying true
value. By modeling the unobserved true value separately
from the measurement process, they aim to distinguish
true change from measurement variability and account
for ME throughout the longitudinal analysis.

Likelihood-based and flexible measurement error models
Several studies (n=7) developed likelihood-based or
flexible modeling approaches that incorporate meas-
urement error directly into the statistical model [21,
25, 33, 44, 57, 59, 62]. These approaches included het-
eroscedastic measurement error models, robust esti-
mating equations, functional mixed-effects models,
and smoothing-based methods designed to account
for complex error structures. Rather than correcting
observed measurements before analysis, these meth-
ods model the magnitude and structure of measure-
ment error during estimation, allowing uncertainty due
to measurement error to be reflected in estimates of
change and associations over time.
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Reliability and regression-based change detection

and decision frameworks

Some studies (z=5) focused on frameworks for inter-
preting change in the presence of ME, rather than cor-
recting regression estimates [20, 27, 47, 61, 78]. These
approaches use reliability-based metrics such as the
standard error of measurement, reliable change indi-
ces, Bayesian decision criteria, or regression-based
approaches to distinguish meaningful change from
measurement variability, particularly in clinical moni-
toring and patient-reported outcomes.

Bias evaluation and methodological guidance

Finally, a group of studies (n=8) focused on evaluat-
ing or illustrating bias arising from ME, often through
simulations or methodological critique [24, 39, 42, 45,
46, 56, 75, 76]. These studies examined how modeling
choices such as baseline adjustment, anchoring base-
line values as error-free, or using two-wave designs can
introduce bias when ME is present, and provided guid-
ance on appropriate design and analysis strategies.

Studies addressing RTM and ME

Three studies [38, 48, 79] explicitly addressed RTM and
ME while examining longitudinal associations. The first
[38] used errors-in-variables regression informed by
test—retest reliability to correct for ME and examined
the implications of baseline adjustment. The second [48]
used repeated pre-baseline HbAlc measurements and a
bias-correction approach to assess the contribution of
RTM and ME to associations between baseline HbAlc
and treatment response. The third [79] used simulated
longitudinal data to compare methods for assessing base-
line-change associations under different levels of ME and
between-individual variability in change, including Old-
ham’s method, Blomqvist’s method, repeated-measure-
ment approaches, and linear random-effects modeling.
Across these studies, the findings highlighted the impor-
tance of considering measurement processes when inter-
preting baseline-change associations. Further details on
the approaches used, their strengths, limitations, and rec-
ommendations are provided in Additional file 1: Tables
S1 and S2.

Decision framework for method selection to take
regression to the mean and measurement error
into account

Based on our findings and proposed classification
scheme, we developed a structured framework in the
form of a decision tree to help navigate the methodo-
logical approaches identified for addressing RTM and
ME (Figs. 3 and 4). This decision tree is guided by the
main concerns that may come up during the analysis of
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longitudinal data. For example, if the primary concern
is that an observed association between baseline values
and subsequent change reflects RTM rather than a true
underlying relationship, the RTM framework first dis-
tinguishes whether the objective is to quantify or correct
for RTM, to use advanced distributional RTM estima-
tion, or to model trajectories and/or repeated measures
and maps these objectives to the relevant RTM method-
ological class. When the objective is to quantify or cor-
rect for RTM, the RTM framework maps to RTM class 1
(Fig. 3). If the specific question is how much change may
be expected due to RTM alone, the framework identifies
the studies by Tannenbaum et al. [71], Cameron et al.
[28], and Veldhuizen et al. [74]. Additional file 1: Table S1
provides study-level information on the approaches used
and, where reported, their strengths, limitations, and rec-
ommendations. Similarly, for ME, the framework first
considers whether validation, biomarker, or repeat-meas-
ure data are available to improve estimation. When such
data are available, the relevant approaches are mapped to
class 1 and then to studies addressing the relevant meas-
urement problem. For example, when a device or meas-
urement method has changed over time, a relevant study
is Loop et al. [54]. Study-level details are provided in
Additional file 1: Table S2.

Applied studies
The 102 included applied studies investigating indicators
related to body weight and MetS covered a broad range of
populations across the life course, including infants, chil-
dren, adolescents, adults, and older adults. While many
studies were conducted in general or apparently healthy
populations, a substantial number focused on clinical
groups such as individuals with obesity, diabetes, hyper-
tension, HIV infection, psychiatric disorders, or those
undergoing bariatric surgery (Additional file 2: Sheet S3).
Of the 102 included, 50 (49%) [82, 84, 85, 87-91, 94,
96-98, 103, 105-107, 109, 113-116, 118, 119, 124, 126,
127, 129, 131, 133-136, 138-140, 148, 150-152, 157,
158, 160, 163, 167, 171, 172, 176-178, 180] used only
models that adjusted for the baseline value of the out-
come, 45 (44.1%) [81, 83, 86, 92, 95, 99-102, 104, 110,
111, 121, 123, 125, 128, 130, 132, 137, 141-147, 149,
153-156, 159, 161, 162, 164-166, 168, 169, 173-175,
179, 181, 182] used only models that did not adjust for
baseline, and 7 (6.9%) [93, 108, 112, 117, 120, 122, 170]
reported results from both baseline-adjusted and unad-
justed approaches. The use of baseline adjustment var-
ied across outcome types (Additional file 1: Table S3).
Baseline-adjusted models were more common in
studies examining body weight (69%) and WC (61%),
whereas non-baseline-adjusted approaches predomi-
nated in studies of HDL-C (69%), triglycerides (70%),
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Fig. 5 Distribution of study characteristics among applied studies according to baseline outcome adjustment approach

and HbAlc (100%). For BP, the distribution between Studies that did not adjust for baseline value

approaches was more similar. Examination of analytical  of the outcome
approaches by publication year did not reveal any clear =~ Among the 52 studies that did not adjust for the baseline
temporal pattern in the use of baseline outcome adjust-  value of the outcome, all used longitudinal designs with
ment (Additional file 1: Fig. S1). For descriptive analy- repeated outcome measurements ranging from two to 12
ses (Fig. 5), studies presenting both modeling strategies  time points. The outcomes examined were not mutually

were included in both analytical groups.
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exclusive, as several studies analyzed more than one out-

come. BMI-related outcomes were the most frequently
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examined (#=31 studies) [81, 83, 92, 93, 95, 99-101,
104, 108, 111, 112, 121, 122, 125, 128, 130, 132, 137, 141,
143-145, 153, 162, 164-166, 168, 179, 182], followed by
BP (n=12) [83, 102, 110, 120, 141, 149, 159, 161, 166,
174, 181, 182], HDL-C (n=10), body weight (n=9) [117,
137, 141, 145, 146, 154, 173, 175, 179], TG (n=7) [104,
141, 145, 155, 156, 179, 181], HbAlc (n=5) [86, 123,
147, 179, 182], and WC (n=5) [83, 121, 122, 141, 143]. A
wide range of exposures was investigated across studies,
including behavioral, psychosocial, clinical, biological,
and socioeconomic domains, including reproductive and
metabolic factors, lifestyle characteristics, environmental
influences, and clinical markers and treatments (Addi-
tional file 2: Sheet S3).

Mixed-effects models were the most commonly used
approach (n=24) [86, 92, 100, 102, 111, 120, 125, 130,
137, 142, 143, 146, 153, 155, 156, 159, 161, 162, 164—166,
173, 174, 179] used to analyze within-person change
over time, including two studies [92, 174] that addition-
ally applied alternative modeling strategies (general-
ized additive mixed models and ordinary least squares).
Among these, 15 studies [86, 102, 125, 137, 142, 143,
146, 153, 156, 161, 162, 165, 173, 174, 179] provided a
justification for the use of mixed-effects models, most
commonly citing their ability to account for correlation
between repeated measurements within individuals,
accommodate unbalanced longitudinal data, and incor-
porate all available observations despite varying numbers
and timing of follow-up measurements. Linear regression
models were used in 19 studies [92, 93, 99, 101, 108, 110,
117, 121-123, 141, 144, 145, 154, 168-170, 175, 181],
although only one study [101] explicitly justified this
choice. Generalized estimating equations (GEEs) were
used in three studies [81, 112, 147], two of which [81,
147] justified their use on the basis that GEEs account
for within-individual correlation in repeated measure-
ments and can handle unequal numbers of observations
and irregular time intervals. A small number of studies
used other modeling approaches, including individual
fixed-effects models (n=2) [83, 95], repeated-measures
analysis of variance (n=2) [104, 132], a latent quadratic
growth model (n=1) [128], the generalized method of
moments (#=1) [182], and linear spline multilevel mod-
els (n=1) [149]. Only one of these [128] did not provide
a justification for their model choice. The rest noted that
these models exploit the longitudinal structure of the
data or allow modeling of dynamic changes over time.

The majority of studies framed their analyses as esti-
mating associations between exposures and subsequent
change in outcomes. Specifically, 48 studies explicitly
stated that their analyses aimed to estimate associations,
indicating an explanatory or causal analytical framing.
The use of formal causal tools was rare as only one study
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[166] employed DAGs to guide model specification.
In seven studies [92, 104, 159, 162, 164, 165, 168], the
interpretation of the analytical framework was unclear.
These studies frequently used terminology such as “pre-
dict,” “predictor;” or “predicting” when describing regres-
sion results, although the analyses did not correspond to
predictive modeling. This indicated some inconsistency
between the terminology used to describe the analy-
sis and its analytical aim. For example, Bond et al. [92]
titled their study “Lower cognitive functioning as a predic-
tor of weight gain in bipolar disorder: a 12-month study”
and repeatedly referred to predictors in the text, while
the stated objective was to examine the direction of the
association between BMI and cognition, reflecting an
explanatory rather than predictive aim. Two studies [101,
108] had a clearly predictive aim and used terminology
consistent with this objective. Two studies [112, 154] had
descriptive aims; however, one of these [154] used lan-
guage suggesting explanatory interpretation despite the
descriptive objective.

Consideration of ME or RTM was uncommon. Six
studies [81, 83, 130, 141, 143, 175] mentioned ME as a
potential limitation but did not implement analytical
strategies to address it. Two studies both acknowledged
and attempted to mitigate. The first [86] standardized
laboratory measurements across examination waves to
account for differences between and within laboratories
consistent with class 1 methods for addressing measure-
ment differences over time. The second [149] used age at
peak height velocity as an objective measure of pubertal
timing, noting that this approach reduces ME compared
with self-reported assessments representing a class 5
approach focused on reducing ME through study design
and measurement choice. The remaining studies neither
mentioned nor addressed ME.

Studies that adjusted for baseline value of the outcome

Among the 57 studies that adjusted for the baseline
value of the outcome, all used longitudinal designs with
repeated outcome measurements ranging from two to
ten time points. The outcomes examined were not mutu-
ally exclusive, as several studies analyzed more than
one outcome. BMI-related outcomes were the most fre-
quently examined (n=27) [85, 87, 89-91, 93, 94, 97,
103, 106, 108, 109, 112, 114-116, 118-120, 122, 126,
127, 150, 157, 163, 176, 178], followed by body weight
(n=21) [82, 84, 88, 91, 98, 116, 117, 124, 129, 131, 135,
138-140, 151, 158, 160, 167, 171, 172, 180], BP (n=10)
[85,96, 113, 133, 134, 136, 148, 150, 152, 177], WC (n=38)
[85, 106, 107, 116, 122, 133, 134, 150], HDL-C (n=4)
[85, 133, 134, 170], TG (n=3) [85, 133, 134], and MetS
risk factor score (n=1) [105]. A wide range of exposures
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across behavioral, clinical, biological, and socioeconomic
domains was investigated (Additional file 2: Sheet S3).

Across studies, linear regression was the most fre-
quently used approach (n=39) [88, 91, 93, 94, 96-98,
103, 105, 107-109, 115-119, 122, 124, 126, 129, 131,
133-136, 139, 140, 150-152, 157, 158, 167, 170-172, 178,
180], although only one study [157] explicitly justified
this choice. Linear mixed-effects models were used in 15
studies [82, 84, 85, 89, 90, 113, 114, 120, 127, 138, 148,
160, 163, 176, 177], three [90, 113, 177] of which provided
a justification, while GEEs were used in three studies [87,
106, 112], two [87, 106] of which justified their use. The
reasons for model choice were similar to those reported
in studies without baseline adjustment.

Out of the 57 studies, 18 provided justification
for adjusting for the baseline value of the outcome.
The most common rationale was to account for the
dependence between baseline and follow-up outcome
measurements, allowing the effects of other covariates
to be interpreted independently of initial outcome lev-
els (n=7) [109, 112, 115, 118, 124, 152, 157]. In two
studies [87, 129], this choice was motivated by consist-
ency with previous research. Some studies [119, 126,
135] justified baseline adjustment as a way to exam-
ine whether changes in outcomes depended on initial
status by including it as a covariate. A small number
of studies [122, 170] justified baseline adjustment as a
sensitivity analysis to assess whether results changed
when baseline values were included in the model. Two
studies [148, 177] explicitly reported adjusting for
baseline values to address RTM. Finally, in two studies
[103, 120], the baseline value of the outcome was the
main exposure.

The majority of studies framed their analyses as
estimating associations between exposures and sub-
sequent change in outcomes. Specifically, 53 of the
57 studies had an explanatory analytical aim and
described associations between exposures and longi-
tudinal changes in outcomes. However, interpretation
was not always consistent with this framing, with simi-
lar inconsistencies in terminology observed in 27 stud-
ies [84, 87, 89, 91, 94, 96, 97, 103, 109, 114, 118, 126,
129, 131, 134, 135, 138, 151, 152, 157, 158, 163, 172,
176-178], as in studies without baseline adjustment.
Only one study [98] employed DAGs to guide model
specification. Three studies had primarily descriptive
aims [112, 119, 167], and one study [108] had a clearly
predictive objective.

Consideration of ME or RTM was also uncommon
among studies that adjusted for baseline outcome val-
ues. Six studies [84, 89, 90, 115, 126, 127] mentioned
either as a potential issue but did not implement ana-
lytical strategies to address it. Two studies [148, 177]
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explicitly attempted to address RTM using approaches
that corresponded to several methodological classes
identified in the review. Both studies justified adjust-
ment for baseline outcome values as a strategy to
address RTM, corresponding to class 6 approaches
concerned with model selection and the role of base-
line values. One study [148] additionally reduced
measurement variability by requiring two consecu-
tive baseline measurements before participant selec-
tion, consistent with class 5 study-design approaches.
The other [177] averaged repeated BP measurements
and estimated the expected magnitude of RTM using a
published formula, corresponding to class 2 repeated-
measurement approaches and class 1 RTM quantifica-
tion methods, respectively. The remaining studies did
not discuss these biases.

Studies that reported baseline-adjusted and unadjusted
models

Among the seven studies reporting both approaches
[93, 108, 112, 117, 120, 122, 170], baseline adjustment
was typically implemented in secondary or explora-
tory models. In most cases, authors examined whether
additional adjustment for the baseline outcome altered
effect estimates, explored potential mediation or inter-
action by baseline values, or assessed whether associa-
tions were independent of initial status. Across these
studies, effect estimates were generally similar between
baseline-adjusted and unadjusted models, and baseline
adjustment was rarely explicitly justified from a meth-
odological perspective. Only in one study [120] was the
baseline value of the outcome considered as the pri-
mary exposure of interest where preoperative BMI was
examined in relation to BMI measured repeatedly over
time following bariatric surgery.

Discussion

This scoping review synthesized methodological and
applied literature on the analysis of within-person
change in continuous outcomes in observational lon-
gitudinal health research. The methodological litera-
ture has extensively examined the challenges posed by
RTM and ME and proposed a wide range of approaches
to address these sources of bias, including analyti-
cal correction methods, model-based longitudinal
approaches, causal and estimand-based frameworks,
calibration methods, latent-variable models, and flex-
ible ME models. By bringing together this heteroge-
neous body of work, our review provides a structured
overview of the available methodological approaches.
In addition, we developed a decision tree as a struc-
tured navigation tool to help researchers identify
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methods relevant to the specific sources of bias they
seek to address. In contrast, the review of applied stud-
ies (using MetS components as example outcomes)
revealed substantial heterogeneity in analytical prac-
tice. Approximately half of studies adjusted for baseline
values of the outcome, while a similar proportion ana-
lyzed change without baseline adjustment, and only a
small minority presented both approaches. Justification
for modeling choices was uncommon, the use of formal
causal tools was rare, and ME was seldom discussed
or addressed analytically. Because the applied compo-
nent was intentionally restricted to studies examining
selected anthropometric and metabolic outcomes, the
observed distribution of analytical approaches should
not be interpreted as representative of all areas of
observational longitudinal health research.

Methods studies

The methodological literature addressing RTM pro-
posed a range of approaches like analytical correction
formulas, longitudinal modeling frameworks, alterna-
tive estimators designed to avoid mathematical coupling,
likelihood-based approaches, and design-stage strat-
egies. A number of studies also framed RTM within
a causal inference perspective, emphasizing that the
role of baseline adjustment depends on the underlying
causal structure and the timing of exposure relative to
baseline measurement. Despite differences in analytical
approach, several common themes emerged across these
studies. Many emphasized that RTM arises from the
combination of measurement variability, study design,
and modeling choices, and therefore cannot always be
addressed through statistical adjustment alone. Across
studies, there was broad agreement that repeated meas-
urements and reliable instruments improve the abil-
ity to distinguish true change from statistical artifact,
and that analytical strategies should be aligned with the
research question and causal structure. Importantly,
several studies cautioned that baseline adjustment does
not automatically remove RTM and may introduce bias
in some contexts, particularly when exposures influence
baseline outcome values. One study [5] explicitly recom-
mends avoiding change-score analyses in observational
settings due to their potential to yield misleading causal
estimates, whereas other studies [2, 7, 16, 37, 43, 50, 51]
emphasize that both change-score and baseline-adjusted
approaches may be appropriate depending on the esti-
mand of interest and underlying causal assumptions. For
example, when the exposure precedes the baseline value
of the outcome or affects the baseline then adjustment
for baseline is not recommended. This divergence reflects
broader differences in how change is conceptualized and
highlights the importance of aligning analytical choices
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with clearly defined causal questions. By synthesizing
these diverse approaches, our review demonstrates that
the methodological literature does not support a sin-
gle universally preferred strategy for addressing RTM.
Instead, the appropriate approach depends on the source
of bias, the study design, the available data, and the causal
question being addressed. To facilitate navigation of this
heterogeneous literature, we grouped methodological
approaches into broad categories and developed a struc-
tured framework to map the methods identified in the lit-
erature to specific analytical challenges (Fig. 3).

The methodological literature addressing ME simi-
larly proposed a range of approaches, including calibra-
tion and validation-based corrections, latent variable and
joint modeling frameworks, likelihood-based models
that explicitly parameterize ME processes, and reliabil-
ity-based approaches for interpreting change. A further
group of studies focused on evaluating bias arising from
ME and providing guidance on study design and ana-
lytical strategies. Across these studies, a common theme
was that ME can substantially distort estimates of change
and associations with baseline values if it is ignored or
treated as negligible. Many approaches emphasized the
importance of distinguishing the underlying signal from
measurement variability, particularly in longitudinal
settings where repeated assessments are used to infer
individual trajectories. Although the proposed methods
differ in complexity and data requirements, they have
several shared recommendations. These include the use
of validation or repeat measurements where possible,
careful consideration of the measurement process when
specifying statistical models, and caution against treat-
ing baseline measurements as error-free. Several studies
also emphasized that reliance on two-wave designs lim-
its the ability to distinguish true change from measure-
ment variability and recommended the use of multiple
measurement occasions when feasible. Collectively, these
findings highlight that addressing ME requires attention
not only to statistical correction but also to study design,
measurement quality, and transparent reporting of ana-
lytical assumptions. Our synthesis shows that available
methods span a broad spectrum of complexity and data
requirements, ranging from relatively simple calibration-
based corrections to more advanced latent-variable and
likelihood-based approaches. By organizing this litera-
ture into a structured framework, the review provides an
evidence-mapping tool for navigating the methodological
options available to researchers seeking to address ME in
longitudinal analyses of change (Fig. 4).

Based on these findings, the developed decision frame-
works help researchers navigate the available methods
for addressing RTM and ME in analyses of within-per-
son change (Figs. 3 and 4). Rather than recommending
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a single analytical approach, each framework organizes
the identified methods around a series of questions based
on the researcher’s specific analytical concern and the
available data. These questions map the methodological
classes identified separately for RTM and ME and the
approaches within each class. For example, a researcher
concerned that an observed change may reflect RTM can
use Fig. 3 to distinguish between approaches for quanti-
fying or correcting expected RTM, modeling longitudinal
trajectories using repeated measurements, or applying
more advanced distributional RTM estimation. Similarly,
Fig. 4 organizes approaches according to the nature of the
ME problem and the availability of information such as
validation, biomarker, or repeat-measure data, and maps
these to the relevant ME methodological classes and
approaches within each class. The frameworks therefore
provide a structured entry point into a heterogeneous
methodological literature, while the Results section and
supplementary tables provide further details on the indi-
vidual methods.

Applied studies

In contrast to the breadth of methodological work
addressing RTM and ME, the applied literature showed
limited evidence that these methodological considera-
tions are routinely incorporated into practice.

Among the applied studies (using MetS indicators
and body weight as example outcomes), a wide range of
exposures and populations were examined, reflecting the
broad use of longitudinal observational data to investi-
gate determinants of change in metabolic and anthropo-
metric outcomes. Mixed-effects models were the most
frequently used approach in studies that did not adjust
for baseline outcome values, whereas linear regression
models were most common in studies that adjusted
for baseline. Despite the diversity of statistical mod-
els employed, explicit justification for the chosen mod-
eling strategy was uncommon across both groups. Most
studies framed their analyses as examining associations
between exposures and subsequent changes in outcomes,
although the terminology used in reporting results was
often inconsistent with this explanatory aim. This incon-
sistency also supports our intentional inclusion of broad
terms such as “predictor” and “risk factor” in the search
strategy, as restricting the search according to strict
causal terminology could have resulted in relevant stud-
ies being missed.

Consideration of RTM and ME was uncommon across
the applied literature. Although a small number of stud-
ies discussed these issues, few attempted to address them
analytically. Notably, some studies justified adjustment
for baseline outcome values as a strategy to control RTM.
However, the methodological literature reviewed here
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suggests that the role of baseline adjustment remains
debated. In particular, several studies highlighted that
baseline-adjusted analyses may themselves be biased
when baseline outcome values are measured with error,
and that associations between baseline values and subse-
quent change can be distorted by RTM and mathematical
coupling. These findings suggest that baseline adjustment
should not be viewed as a universally appropriate solu-
tion to RTM.

An interesting difference between the two analyti-
cal approaches concerned the distribution of outcomes
examined. Studies adjusting for baseline outcome values
more frequently focused on weight-related outcomes
such as body weight and BMI, whereas studies that did
not adjust for baseline included a broader range of meta-
bolic indicators, including blood pressure and lipid meas-
ures. One possible explanation is that in research on
weight change, adjustment for baseline weight or BMI is
often viewed as necessary to account for differences in
initial body size and to facilitate interpretation of subse-
quent change. However, baseline adjustment was rarely
justified explicitly in methodological terms, and in most
studies the rationale for including baseline outcome val-
ues was not clearly stated. As a result, it was often unclear
whether baseline adjustment reflected a deliberate ana-
lytical choice based on the underlying causal question
or a routine modeling practice adopted without explicit
consideration of its assumptions and implications.

An additional issue encountered during study selec-
tion concerned the interpretation of longitudinal mixed-
effects models. Some studies used mixed models with
repeated outcome measurements but without includ-
ing an interaction between exposure and time, while
interpreting the resulting coefficients as representing
exposure-specific within-person change. In such mod-
els, the estimated associations reflect average differ-
ences in outcome levels between exposure groups across
time rather than differences in trajectories or rates of
change. Because these models do not estimate exposure-
specific change over time, studies using this approach
were excluded from the review (e.g., [183-185]). This
highlights a potential source of confusion in the applied
literature and underscores the importance of clearly
specifying how change is defined and estimated in longi-
tudinal analyses.

Strengths and limitations

This review has several strengths. By synthesizing both
methodological and applied studies, it provides a com-
prehensive overview of how within-person change is
currently analyzed in observational health research and
how these practices relate to the broader methodologi-
cal literature on RTM and ME. We also systematically
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organized a heterogeneous methodological literature
into a coherent framework to help researchers navigate
and identify methodological approaches relevant to the
specific sources of bias they seek to address. The review
also focused on commonly studied metabolic and
anthropometric outcomes, allowing for clearer com-
parison of analytical approaches across studies within
a relatively coherent research domain. In addition, the
systematic search strategy, duplicate screening, and
data extraction strengthened the transparency and
rigor of the review. However, several limitations should
be considered. To focus our research, we used compo-
nents of MetS and body weight as an example for the
applied studies; therefore, the applied component was
restricted to a subset of metabolic and anthropometric
outcomes, which may limit the generalizability of the
findings to other areas of observational health research.
However, MetS and its components remain highly
prevalent conditions that cause substantial burden of
disease globally, causing a high interest into studying
its natural courses and determinants [186, 187]. The
classification of analytical approaches necessarily sim-
plified complex modeling strategies and relied on the
information reported in the original articles, which
was sometimes limited. In addition, the methodologi-
cal literature was highly heterogeneous with respect
to study designs, analytical objectives, and sources of
evidence, and the grouping of methods into broad cat-
egories inevitably involved some degree of judgment.
Finally, because the review aimed to characterize meth-
odological recommendations and analytical practices
rather than evaluate the performance of specific statis-
tical methods, it does not provide empirical compari-
sons of the relative performance of different modeling
approaches.

Conclusions

In summary, this review highlights the heterogeneity
in how within-person change in continuous outcomes
is analyzed in observational health research and a lim-
ited alignment between the methodological literature
addressing RTM and ME and the common analytical
practices. Across methodological studies, a consistent
message emerged that biases in analyses of change often
arise from the interaction of measurement variabil-
ity, study design, and modeling choices. These findings
underscore the importance of clearly specifying the
research question and estimand, carefully consider-
ing the timing of exposure relative to baseline outcome
measurement when deciding whether to adjust for
baseline values, and avoiding the assumption that base-
line measurements are error-free. We also developed a
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decision tree to help researchers navigate the methodo-
logical approaches identified for taking RTM or ME into
account in longitudinal data analyses. Greater use of
repeated measurements, transparent reporting of analyt-
ical decisions, and modeling strategies aligned with both
the causal structure and the measurement properties of
the data may help improve the validity and interpretabil-
ity of studies examining within-person change.
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