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Abstract 

Introduction: Transition ratings (TRs) are single item measures which ask patients to report on their health change. They allow for 
a simple assessment of improvement or deterioration and are frequently used as an “anchor” to determine interpretation thresholds on 
a patient-reported outcome measure (PROM). Despite their widespread use, a routinely applicable method to assess their reliability is 
lacking. This paper introduces a method to estimate the reliability of TRs based on confirmatory factor analysis (CFA) for categorical 
data. 

Method: We modelled longitudinal PROM data as independent factors representing Time 1 and Time 2 in a CFA model. PROM 

items taken at Time 1 (T1) loaded on the first factor, although the same items taken at Time 2 (T2) loaded on the second. The TR 

item loaded onto both T1 and T2 factors. Three models with various constraints on the loadings and thresholds were examined. The 
communality (R 

2 ) statistic was used as a measure of the TR reliability. The approach was evaluated using simulated data and exemplified 
in four empirical datasets. 

Results: The simplest CFA model without constraints on the item loadings and thresholds performed equivalently to models with 
constraints on loadings and thresholds over time. Further constraints on the TR item loadings to be equal and opposite over time caused 
biased TR reliability estimates if the T1 and T2 loadings differed in magnitude. In the four empirical datasets, reliability of TRs ranged 
from 0.27 to 0.48. In three examples the TR had numerically stronger loading on T2 than on T1. 

Discussion and conclusions: Results support the use of the proposed method in understanding the reliability of TRs. Empirical 
study results reflect the typical range of reliability that has previously been reported for single items. Methodological considerations to 
improve TR reliability are presented, and developments of this method, are posited. © 2021 The Authors. Published by Elsevier Inc. 
This is an open access article under the CC BY license ( http:// creativecommons.org/ licenses/ by/ 4.0/ ) 
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What is new? 

• Transition Ratings are single items assessing patient 
self-reported change in health over time and are 
widely used in clinical research. 
• However, the reliability of these items are often as- 

sumed to be high, and robust methods for assessing 

reliability are absent. 
• This paper presents a novel approach, repurposing a 

commonly employed methodology, for understand- 
ing reliability of Transition Ratings. 
• This method relies on factor analytic methods, al- 

ready widespread in the field, in the hope that re- 
searchers can apply to their own work. 
• Simulations show the ability of this method to re- 

trieve the true reliability of the Transition Rating. 
This is then exampled in four empirical datasets. 

1. Introduction 

Transition ratings (TRs), also known as patient global
impressions of change items, represent the perceived
change in health individuals have undergone from one
timepoint to another, typically between a baseline and a
follow-up timepoint (hereafter referred to as T1 and T2
respectively). In practice, TRs often take the form of a sim-
ple, single-item assessment of general or disease specific
change on an ordinal scale [1] . Typically, at T2, patients
are required to respond on a 5- or 7-point scale with the
midpoint representing “no change” and the extreme ends
of the scale representing “much better” and “much worse”.

The use of TRs as a “gold standard” to guide the inter-
pretation of changes in patient-reported outcome measures
(PROMs) is widespread in the clinical outcomes assess-
ment literature [1 , 2] . TRs are typically used with the im-
plicit assumption that they reliably represent a patient’s
true underlying change in the construct of interest. How-
ever, the reliability of TRs has been disputed [1 , 3] . The
need to understand TR reliability in this context has been
acknowledged, with authors insisting that it “is essential
that information about the reliability and validity of [tran-
sition] ratings be presented” [4] . Despite this, to our best
knowledge, reporting TR reliability seems uncommon in
the literature, likely due to limited methodology to esti-
mate reliability. Previous reliability assessments of these
measures have been done in the context of test-retest re-
liability. Although this showed high reliability over time
(intraclass correlations ≥0.85), studies used assessments
only between 30 minutes and 24 hours apart. This short
time span between test and retest may have led to inflated
estimates due to recall bias [3 , 5] . 

Recently, Zijlmans et al. explored a number of methods
to assess single item score reliability within the context of
a multi-item scale [6] . In the framework of classical test
theory, an observed score is assumed to be composed of
a “true” score and some error. Reliability of a test score
is then defined as the ratio of the true score variance to
the observed score variance [7 , 29] . Similarly, item score
reliability can be conceptualised as the ratio of the true
item score variance to the observed item score variance.
The item score reliability methods, discussed by Zijlmans
et al., all define true item score variance as the proportion
of item variance that is “explained” by the construct that is
measured by the other items of the scale [6] . Importantly,
the methods were principally designed for items that are
part of a wider scale, assessing a construct at a single
timepoint , rather than TRs which aim to assess change in
a construct over time. 

However, the principle of item score reliability being
the proportion of item variance that is “explained” by the
construct that is measured by the other items, can easily be
applied to the longitudinal situation where change in health
is the construct of interest. One method that may be able
to assess the reliability of transition items in their ability
to measure change in health is confirmatory factor analysis
(CFA) for ordinal data. In CFA, observed, categorical, item
scores are used as indicators of a continuous latent and un-
derlying construct or trait (modelled using an ordinal probit
link function), representing the true score [8 , 9] . Therefore,
CFA allows researchers to gain an understanding as to how
much of the variance in a transition item is accounted for
by the change in the underlying trait they are attempting to
measure. CFA models are typically used at a single time-
point to understand how the items of a PROM function
with regards to the latent trait. However, CFA can be built
to incorporate multiple timepoints, and to assess the change
in the underlying latent construct of interest over time.
In this case, the longitudinally measured latent construct
of interest can be thought of as separate (but correlated)
constructs in a multidimensional (e.g., 2-factor) CFA
model. Factor 1 can represent a latent construct at Time 1
(T1), that is measured by the items of a PROM of interest.
Factor 2 can represent the same latent construct at Time 2
(T2), that is measured by the same PROM items [10 , 28]
( Fig. 1 ). To account for non-independent item scores of
same items over time, the model allows for correlations
between residual item response variance of same items
across the timepoints ( Fig. 1 ). 

Given that TRs are assumed to assess latent change in a
construct over time, the transition item can be added to the
factor model to assess how well it is able to load onto the
two factors (Time 1 and Time 2; Fig. 1 ) and therefore how
much of the variance in the TRs is accounted for by the
change (or difference) between Time 1 and Time 2 [10 , 28] .
As noted above, reliability is the proportion of variance in
the item score that is explained by the variance in the
construct of interest. Therefore, extracting the explained
item variance (reported as the R 

2 or communality term in
factor analysis) is an estimate of the reliability of the TRs
to assess change in the construct over time. 
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Fig. 1. Confirmatory factor analysis model with a baseline (Time 1) and a follow-up (Time 2) measurement with a patient-reported outcome measure 
with j items and a transition rating (TR) item. Time 1 and Time 2 represent two factors on which the ordinal items (X) taken at each timepoint, are 
loading via continuous latent item response variables (X ∗). The ordinal TR item loads onto both Time 1 and Time 2 via a latent response variable 
(TR 

∗). Factor loadings are indicated by λ, thresholds by τ , and residual item variances by e. Two-headed arrows represent covariances between 
latent variables. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

This work presents a simulation study to show that the
inclusion of a transition item to account for change in a
latent construct over time recovers the modelled reliability
of the item itself. Furthermore, this technique is used to
estimate the TR reliability in four empirical datasets. 

2. Methods 

2.1. Simulations – Data generation 

We simulated datasets consisting of two item response
sets, one for T1 and one for T2, and a transition item.
To simulate item response sets, we used an IRT graded
response model (GRM), that posits that the response to
an item results from the interaction between certain char-
acteristics of the item and the standing of the respondent
on the underlying latent trait [11] . We developed a set of
item parameters for a hypothetical questionnaire with 10
items (the item parameters are shown in a Supplementary
file). We centred the slope (or discrimination) parameters
around 1.7, being the mean slope parameter across 15 psy-
chological tests fitted with the GRM [24] . We centred the
difficulty parameters around zero. The hypothetical ques-
tionnaire had a reliability (Cronbach’s alpha) of 0.86 if the
latent trait was standard-normally distributed. 

Table 1 provides an overview of the sample parameters
that were varied across the simulated samples. The simu-
lation first created the distribution of theta at T1 and a dis-
tribution of theta change. Theta change (the latent change)
could be correlated with theta T1 or not. Theta T2 was
then calculated by adding theta change to theta T1. Based
on theta T1 and theta T2 and a set of item parameters, item
response sets were created separately for T1 and T2. The
TRs were simulated as follows. We assume that people,
when asked to rate their change, compare their perceived
change with an individual set of benchmarks of what con-
stitutes a change that is, for instance, “a little better” or
“much better” [30 , 31] . More specifically, we assume that
people have their individual thresholds between, for in-
stance, “much worse,” “a little worse,” “unchanged,” “a
little better” and “much better” to decide in which cate-
gory their perceived change fits. Plausibly, people differ in
when they consider the amount of change to qualify for, for
instance, “a little better” or “much better”. Therefore, we
simulated 4 distributions of theta change thresholds with
means of -1.5, -0.5, 0.5 and 1.5, and standard deviations
(SDs) of 0.075, resulting in a 5-point ordinal TR score. 

If people would be able to perfectly sense the true la-
tent change they have undergone, we could compare the
theta change values with the threshold values and assign
the appropriate transition ratings. However, it is unlikely
that patients are always able to evaluate their change by
mentally subtracting their past state from their present state
[26] . At best, they are able to subtract their past state as
they remember it from their present state as they experience
it . In fact, qualitative evidence has suggested that, when
asked to evaluate their change over time, people tend to
put more weight on their present state than on their past
state [25] , a phenomenon known as “present state bias”
[27] . To account for the differential weighting of T1 and
T2, we constructed a “weighted change” variable by cal-
culating (1 + w) ∗theta T2 – (1-w) ∗theta T1. In theory w
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Table 1. Parameters varying across the simulated samples 

Parameter Values Explanation 

Mean theta T1 -1, 0, 1 Mean baseline theta reflects the average level of the construct at T1 

SD theta T1 1 Default theta SD in IRT analysis 

SD theta change 0.75, 1, 1.25 SD theta change reflects the variability in the change between T1 and T2 

Correlation between theta T1 

and theta change 
-0.5, 0 Values are correlation coefficients 

Proportion improved 0.2, 0.5, 0.8 Proportion patients having a change greater than their individual minimal important change 

Reliability TRs 0.2, 0.3, …, 0.8 Values are reliability coefficients 

Weights (w) -0.25, 0, 0.25 Values represent weights used to construct the weighted difference between T1 and T2 

IRT, item response theory; SD, standard deviation; T1, time 1; T2, time 2; TRs, transition ratings. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

could vary between -1 (in which case the weighted change
would only reflect the past state) and + 1 (in which case
the weighted change would only reflect the present state).
We used 3 values of w: -0.25, 0 and 0.25. Note that if
w = 0, the perceived change equals the true change. To
keep the distribution of transition ratings independent from
the value of w, the weighted change variable was rescaled
to the same distribution (mean and SD) as the true change.
Measurement error was then introduced as a random vari-
able with a mean of zero added to the weighted change
variable to obtain a “perceived change” variable. Polyto-
mous transition ratings were obtained by applying the 4
thresholds to the perceived change variable. As the TRs
represent the ordinal equivalent of the perceived change
variable, the reliability of the TRs equals the reliability
of the perceived change, which is simply the ratio of the
variance of the weighted change to the variance of the per-
ceived change. By varying the amount of error variance,
we simulated TRs with reliability between 0.2 and 0.8 in
steps of 0.1. 

The sample parameters (outlined in Table 1 ) yielded
1,134 unique combinations of sample characteristics. For
each combination we simulated one sample with a sample
size of 2,000. For each sample the true (as simulated) reli-
ability of the perceived change was calculated as the ratio
of the variance of the weighted change to the variance of
the perceived change. 

2.2. Simulations – Analysis 

Every sample was subjected to 3 different CFA mod-
els 1 for ordinal data (generalised in Fig. 1 ), using the
R-package lavaan, version 0.6-5 [12] in R version 3.6.2
[13] . Model 1 represented a simple CFA model without
constraints on factor loadings or thresholds. The model
was identified by standardizing the latent variables. Model
2 represented a more complex measurement equivalence
1 The 3 models represent different levels of constraints, from the fewest 
constraints to the most theoretically appealing and constrained models. 
Although they are discussed in brief here, a full description can be found 
in the supplementary material. 

 

 

 

 

model in which the loadings and thresholds of same items
were constrained to be equal over time. The model was
identified by standardizing the latent variable at T1. Theta
parameterization was applied to allow the free estimation
of the latent mean and variance at T2. The factor load-
ings of the TR item were not constrained. Model 3 was
the same as model 2 with an additional constraint on the
factor loadings of the TR item. Specifically, the factor load-
ing on T1 was constrained to be the negative of the factor
loading on T2 (i.e., λTR1 = – λTR2 ) to ensure that the TRs
reflected the true (unweighted) latent change between T1
and T2. All models were estimated using the mean- and
variance-adjusted weighted least squares (WLSMV) esti-
mator. The reliability of the TRs was estimated as the R 

2

of the transition item derived from the CFA models (the
lavaan syntax for estimating the TR reliability using the 3
models is provided in a Supplementary file). The estimated
reliability values were compared with the true simulated
reliability values. Bias was calculated as the mean residual
(true reliability minus estimated reliability), and the mean
square residual (MSR) as the mean of the squared residu-
als. 

2.3. Empirical data 

To investigate the reliability of TRs included in empir-
ical datasets four example datasets were chosen for four
analyses: 
1) Example 1. DeWalt (2016) COPD dataset: [14] The

“PROMIS 1 Wave 2 Chronic Obstructive Pulmonary
Disease (COPD),” containing 137 patients was ob-
tained from the Harvard HealthMeasures Dataverse.
This dataset contains assessments taken over 12 weeks,
and the Baseline (Week 0) and final (Week 12) data
were extracted for two PROMs of interest to the cur-
rent work: 
a. the EXACT-Respiratory Symptoms (E-RS)

[15] breathlessness score, a 5-item domain of
the 14-item PROM which assesses the symptoms of
breathlessness in COPD. Each item uses a 5-point
ordinal categorical scale ranging from 0 (“Not at
all”) to 4 (representing the most severe state). 
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b. A transition item specifically assessing breathing
problems, requiring patients to answer the question
“Has there been any change in your breathing prob-
lems since you started the study?”. This was assessed
on a 7-point scale ranging from “Very much worse”
to “Very much better”. 

2) Example 2. Bakker et al . (2007) Distress dataset:
[16] A dataset of 300 patients from a primary care con-
text. These patients had stress-related metal disorders
and were on sick-leave. This dataset contains assess-
ments taken at two timepoints (initial assessment and a
2-month follow up) and two PROMs of interest to the
current work: 
a. The 16-item distress scale from the 4-Dimensional

Symptom Questionnaire (4DSQ). Each item is scored
on an ordinal 3-point scale ranging from 0 (“no”) to
2 (“regularly,” “often” or “very often”). 

b. A transition item requiring patients to answer the
question “How is your distress compared to 2 months
ago?” This was assessed on a 7-point scale ranging
from “a very clear improvement” to “a marked de-
terioration”. 

3) Example 3. Schuller et al. (2018) Pain Interfer-
ence dataset : [17] A dataset of 909 patients from a
trial/primary care context. These patients had muscu-
loskeletal complaints and had assessments taken at base-
line and a 3-month follow-up. Two PROMs of interest
to the current work were included: 
a. The PROMIS Pain Interference item bank of 40

items rated on a 5-point likert scale ranging from 1
(the lowest level of severity or frequency) to 5 (the
highest level of frequency or severity). All items re-
quire patients to consider the previous 7 days. For
this analysis the 8 items which form the Pain Inter-
ference short form were extracted [18] . 

b. A transition item specific to pain interference. The
Pain Interference transition item requires patients
to answer the question “Compared to 3 months
ago, how much do you think your disabilities have
changed because of pain?” and is responded to on
a 7-point scale ranging from “much improved” to
“much deteriorated”. 

4) Example 4. Schuller et al. (2019) Pain Behavior
dataset : [19] The same 909 patients from Example 3.
Two PROMs of interest to the current work were in-
cluded: 
a. The PROMIS Pain Behaviour item bank of 39 items,

responded to on a 6-point likert scale ranging from 1
(had no pain) to 6 (always). All items require patients
to consider the previous 7 days. For this analysis the
7 items which form the Pain Behaviour short form
were extracted [20] . 

b. A transition item specific to pain behaviour. This
item is worded “Compared to 3 months ago, how
much do you think your responses to pain have
changed?” and is responded to on a 7-point scale
ranging from “much improved” to “much deterio-
rated”. 

Each empirical dataset was analysed using the three
CFA models outlined above. Model fit for each of the
CFA models was iteratively improved by allowing cross-
sectional item correlations based on modification indices
and standardized expected parameter change values > 0.2.
Ninety-five percent confidence intervals around the R 

2

were obtained through 1,000 bootstrapped samples. 

3. Results 

3.1. Simulations 

Table 2 presents an overview of the characteristics of
the simulated samples. The CFA failed to arrive at an ad-
missible solution for Models 2 and 3 in 20 samples. As
shown, the samples varied considerably in mean T1, T2
and change scores. For instance, the mean T1 score varied
between 8.3 and 21.7 with a mean of 15.0. Many sam-
ples demonstrated considerable skewness, especially in the
T2 scores. Some samples demonstrated substantial floor or
ceiling effects (up to 41%) due to high proportions im-
proved with high mean T2 scores and accompanying (neg-
ative) skewness. 

Fig. 2 shows that the estimated reliability estimates of
the TRs based on Model 1 and Model 2 were highly ac-
curate in recovering the true (as simulated) TR reliability
values across the different weighted change situations. Ap-
parently, none of the simulation parameters (see Table 1 )
or the sample characteristics (see Table 2 ) impacted the
TR reliability estimates based on Models 1 and 2. On the
other hand, Model 3 was only successful in the w = 0 situ-
ation, in which the weighted change was actually identical
to the unweighted true change. If T1 was overweighted
(w = -0.25) the TR reliability estimates were very im-
precise, and if T2 was overweighted (w = 0.25) the TR
reliability was both imprecise and tended to be overesti-
mated (on average). The correlation between the reliability
estimates based on Model 1 and those based on Model 2
was 0.999999, suggesting that the models performed equiv-
alently in recovering TR reliability. Table 3 shows that the
reliability estimates of the TRs produced by models 1 and
2 were accurate (not biased) and precise. The residuals of
Model 1 and 2 estimates remained smaller than 0.1 in most
cases (95%; Table 3 ). 

3.2. Empirical data 

Table 4 shows the fit statistics for the longitudinal CFA
models for each questionnaire in the real data example.
The fit of Model 1 was good as indicated by the CFI and
TLI values, but suboptimal as indicated by the RMSEA
for the EXACT scale and the Pain Interference scale. The
model fit decreased slightly in the more constrained Mod-
els 2 and 3. In case of Model 2 this might be due to some
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Table 2. Overview of the 1,134 simulated datasets 

Characteristic Mean Range 

Mean T1 score 15.0 8.3; 21.7 

SD T1 score 6.6 6.1; 7.4 

Skewness T1 score 0.00 -0.83; 0.82 

Floor effects T1 0.02 0.00; 0.07 

Ceiling effects T1 0.02 0.00; 0.07 

Mean T2 score 17.7 5.8; 27.5 

SD T2 score 7.0 3.4; 9.3 

Skewness T2 score -0.38 -2.40; 1.32 

Floor effects T2 0.03 0.00; 0.21 

Ceiling effects T2 0.08 0.00; 0.41 

Mean change score 2.6 -4.1; 10.0 

SD change score 6.8 4.8; 9.0 

Skewness change score 0.04 -0.37; 0.69 

Floor effects change score 0.00 0.00; 0.00 

Ceiling effects change score 0.00 0.00; 0.00 

Correlation change score – TR 

a 0.51 0.15; 0.81 

Proportion improved b 0.50 0.21; 0.79 

SD, standard deviation; T1, time 1; T2, time 2; TR, transition rating. 
a Polyserial correlation. 
b Proportion simulees scoring “a little better” or “much better”. 

Table 3. Recovery of the reliability of the TRs, per model 

Model 1 Model 2 Model 3 

Mean residual a (bias) -0.01 0.01 0.04 

95% confidence interval residuals -0.07; 0.05 -0.07; 0.05 -0.30; 0.33 

Mean square residual (MSE) 0.00 0.00 0.03 

TRs, transition ratings. 
a Estimated reliability – true reliability. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

minor degree of response shift. In case of Model 3 the
decrease in model fit might, in addition, also be due to
the TRs not reflecting the unweighted difference between
T1 and T2. The factor loadings of the TR item in Model
2 indicated that T2 was more heavily weighted than T1
in the first three datasets. The TR in the fourth dataset
(Pain Behavior) showed factor loadings that were numeri-
cally practically the equal, indicating that T1 and T2 were
equally weighted. Note that the TR item factor loadings in
Model 1 cannot be interpreted because of standardization
of the latent variables and allowing the same items to have
different loadings and thresholds across the timepoints. 

Overall, the reliability as expressed by the communal-
ity statistic (R 

2 ) ranged between 0.25 and 0.48 for the four
empirical dataset examples. Model 1 and Model 2 yielded
almost identical TR reliability estimates. However, in three
examples – those in which the TR was more strongly
weighted by T2 than by T1 – Model 3 produced signif-
icantly larger estimates. These findings are in agreement

with the simulation results. 
4. Discussion 

The work presented here used a commonly employed
methodology (CFA) to introduce a novel way to assess the
reliability of TRs in the context of assessing change in
an associated PROM. Simulation results showed that the
reliability of TRs could be successfully recovered as part
of a longitudinal CFA model. The model employed here
is equivalent to a normal-ogive item response theory (IRT)
model, which again is similar to the graded response IRT
model often used in analyses of PROMs [21] . This may
help some readers conceptualise and extend this approach
to suit their own needs. 

The reliability of TRs to measure change on the con-
struct of interest was then demonstrated in empirical pa-
tient data. This work employed a refinement of the CFA
models to optimize the model fit by allowing the residuals
of different items to correlate within timepoints. The model
optimization was intended to better capture the latent vari-
ables, which resulted in a small average increase in R 

2

of 0.019. Given the simulation evidence of the method’s 
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Fig. 2. Estimated reliability of the TRs in relation to the simulated reliability of the perceived change across 1,134 simulated samples, by CFA 

model and type of weighted change (see the main text). The weight factor w determined whether T2 was weighted weaker (w = -0.25) or stronger 
(w = 0.25) than T1 or equal to T1 (w = 0). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

performance, the results arising from the empirical data,
showing that the reliability of TRs had point estimates in
the range of 0.25–0.48, may be initially surprising. This
is, however, in line with the single item reliabilities as-
sessed at a single timepoint in Zijlmans (2018) [22] , but
lower than previous test-retest estimates of TR reliability
( ≥0.85) [3 , 5] . One possible explanation for the discrep-
ancy between our method and the test-retest method we
already mentioned, is the short test-retest interval. Another
reason could be that the test-retest approach measures reli-
ability in isolation of the construct of interest. This means
that the high test-retest reliability of the TRs may reflect
that the transition item is reliably measuring whatever it
measures . However, here we have aimed to assess the re-
liability of the TRs with respect to their ability to measure
the perceived change in the construct of interest that is
also measured by the PROM. This links TR reliability to
construct validity, which allows for a more nuanced un-
derstanding of how the item is functioning in the intended
context of use. 

Methodologically, a reliable transition item would have
limited measurement error. This would be advantageous,
especially when used as an anchor to determine meaningful
change, as it would increase the likelihood of correct pa-
tient classification in terms of whether they had improved
or not on the construct of interest. However, as the reliabil-
ity of TRs reduces, and the error increases, the likelihood
of correct patient classification reduces. This means that
resulting interpretability estimates of meaningful change
will be less precise, as they will be drawn from groups
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Table 4. Results of the analysis of the empirical datasets 

COPD dataset –
EXACT (DeWalt, 
2016) a 

Stress Dataset –
4DSQ (Bakker 
et al., 2007) b 

Pain Interference 
dataset (Schuller 
et al., 2018) c 

Pain Behaviour 
dataset (Schuller 
et al., 2019) d 

N subjects 137 300 909 909 

N items 5 16 8 7 

Scale reliability (Cronbach’s alpha) 0.832 0.917 0.719 0.948 

Pct improved 21.9% 73.0% 73.7% 70.3% 

TR-change score correlation † 0.316 0.352 0.529 0.545 

Model 1 

CFI-scaled 0.989 0.975 0.994 0.995 

TLI-scaled 0.983 0.973 0.993 0.994 

RMSEA-scaled 0.083 0.047 0.089 0.052 

λTR1 -0.357 -0.210 -0.424 -0.300 

λTR2 0.716 0.634 0.818 0.649 

R-square 0.254 0.282 0.477 0.365 

R-square 95% CI 0.132; 0.441 0.193; 0.391 0.420; 0.538 0.306; 0.423 

Model 2 

CFI-scaled 0.985 0.950 0.994 0.981 

TLI-scaled 0.983 0.947 0.994 0.980 

RMSEA-scaled 0.082 0.065 0.082 0.049 

λTR1 -0.384 -0.248 -0.587 -0.603 

λTR2 0.836 0.617 0.873 0.575 

R-square 0.247 0.282 0.477 0.394 

Model 3 

CFI-scaled 0.974 0.943 0.993 0.981 

TLI-scaled 0.971 0.941 0.993 0.981 

RMSEA-scaled 0.107 0.069 0.087 0.048 

λTR1 -1.457 -0.735 -0.953 -0.559 

λTR2 1.457 0.735 0.953 0.559 

R-square 0.533 0.433 0.593 0.378 

TR, transition rating. 
† Polyserial correlation. 
a Cross-sectional correlations between the residuals of 1 item pair (1–2) allowed. 
b Cross-sectional correlations between the residuals of 2 item pairs (3–13, 15–16) allowed. 
c Cross-sectional correlations between the residuals of 1 item pair (5–7) allowed. 
d Cross-sectional correlations between the residuals of 2 item pairs (2–3, 3–4) allowed. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

which do not accurately represent those who have under-
gone change on the construct of interest. 

Measures, such as designing specific TRs to target the
concept of interest may help to reinforce the TR relia-
bility. In addition to this, the reliability of the TRs in-
creased slightly when the fit of the longitudinal CFA model
was optimized. This supports the need for well-designed
PROMs which accurately reflect the underlying concept of
interest and are able to accurately measure change in the
latent construct over time. 

Which model should we use for the estimation of the re-
liability of TRs? Theoretically, model 3 is undoubtedly the
most appealing, because the assessment of latent change is
achieved by the constraint that the factor loadings of the
TRs are equal but opposite. However, as illustrated by three
of our empirical examples, TRs often do not function as
indicators of the true change. Instead, respondents tend to
weight their state at one timepoint (often the most recent
one) more heavily than their state at the other timepoint. If
the TRs reflect a weighted change, our simulations show
that the constraints in Model 3 (ensuring TR loadings are
equal and opposite between the timepoints) leads to biased
estimates of the TR reliability. However, Model 2 without
this additional constraint provides unbiased and accurate
estimates. In the case that TRs reflect a true unweighted
change, Model 2 and Model 3 perform equally well. 

The simplest model, Model 1, treats the T1 and T2 mea-
surements as coming from two different, but correlated,
questionnaires. In this model, change is not estimated due
to the identifying constraints on the latent variables. Be-
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cause of this, the Model 1 estimates of transition item load-
ings cannot be Compared across the two timepoints and do
not relate to change as indicators of the relative weights of
T1 and T2 underlying the perceived change. Nevertheless,
our simulations showed identical performance for Model
1 and 2 with respect to estimating the TR reliability. This
is because the TR reliability is basically the squared mul-
tiple correlation between the latent TR item response and
the latent variables at T1 and T2. This means that the relia-
bility estimate (R 

2 ) is not affected by linear transformation
of the latent variables. Overall, therefore, Model 1 has ad-
vantages over the other models presented in this work as it
entails the most simple syntax and a computational speed
that allows bootstrapping for the estimation of confidence
intervals. Thus, if the sole purpose it to estimate TR reli-
ability, we recommend Model 1. 

In conclusion, the method described in this work has
been shown to be appropriate for estimating the reliabil-
ity of TRs used as a global assessment of change. Relia-
bility shown here for the TRs in empirical datasets were
in line with previous work assessing single item reliabil-
ity, and despite this seeming to be low in comparison to
test-retest statistics, the ability to understand reliability on
global change items allows researchers to assess and refine
the measures they use when conducting health research.
We recommend that researchers spend time to better un-
derstand the measurement properties of such single item
measures through using the methods described here. Fur-
thermore, researchers should aim to improve the reliability
of the TRs they use by making them specific and targeted
to the latent construct under investigation. This will be
further aided by exemplary PROM design [23] which also
prioritises assessment of a specific latent construct. A com-
bination of these approaches will allow for more reliable
TRs and better assessment of, among other things, inter-
pretation thresholds when using TRs as anchor measures
to derive meaningful change thresholds. 

This research did not receive any specific grant from
funding agencies in the public, commercial, or not-for-
profit sectors. 
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Supplementary material associated with this article can
be found, in the online version, at doi:10.1016/j.jclinepi.
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