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Abstract
Purpose  The purpose of this paper is to demonstrate the procedures to develop and implement a computerized adaptive 
patient-reported outcome (PRO) measure using secondary analysis of a dataset and items from fixed-format legacy measures.
Methods  We conducted secondary analysis of a dataset of responses from 1429 persons with work-related lower extremity 
impairment. We calibrated three measures of physical functioning on the same metric, based on item response theory (IRT). 
We evaluated efficiency and measurement precision of various computerized adaptive test (CAT) designs using computer 
simulations.
Results  IRT and confirmatory factor analyses support combining the items from the three scales for a CAT item bank of 
31 items. The item parameters for IRT were calculated using the generalized partial credit model. CAT simulations show 
that reducing the test length from the full 31 items to a maximum test length of 8 items, or 20 items is possible without a 
significant loss of information (95, 99% correlation with legacy measure scores).
Conclusions  We demonstrated feasibility and efficiency of using CAT for PRO measurement of physical functioning. The 
procedures we outlined are straightforward, and can be applied to other PRO measures. Additionally, we have included all the 
information necessary to implement the CAT of physical functioning in the electronic supplementary material of this paper.

Keywords  Computerized adaptive testing · Physical function · Assessment · Patient-reported outcome measure · Work 
disability · Item response theory

Introduction

Patient-reported outcome (PRO) measures are instruments 
that patients complete to provide information on aspects of 
their health status relevant to their quality of life, such as 
symptoms, and physical, mental and social health and func-
tioning [1]. PRO measures are considered valuable sources 
of information for evaluating health services, establishing 
treatment effectiveness, and informing clinical decision-
making. The routine clinical use of PRO measures may 
positively influence patient-provider communication, shared 
decision-making, and satisfaction with care [2].

Efficiency is often prioritized in clinical environments. A 
clinically useful PRO measure should be short and easy to 
administer, and gather enough information to show clinically 
meaningful differences within or between patients [3]. Item 
response theory (IRT) and computerized adaptive testing 
(CAT) are innovative methods to achieve this balance of 
efficiency and precision [4]. A CAT is essentially an indi-
vidualized assessment tool. Patients receive a subset of items 
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from a larger bank of questionnaire items. The CAT system 
chooses the items that are most relevant to the patient’s own 
health level, based on their answers to previous items. There-
fore, the CAT system substantially reduces the length of the 
assessment, while the precision and comparability of the 
measurements are maintained [5].

Developing a new CAT can be a resource-intensive pro-
cess. A CAT requires a bank of well-written items, which 
then must be calibrated using real patient response data. 
There are well-supported initiatives underway using rigor-
ous methods to develop item banks that comprehensively 
cover a range of health constructs and patient populations. 
A well-known example is the Patient-Reported Outcomes 
Measurement Information System (PROMIS) supported 
by the National Institutes of Health [6]. While these initia-
tives will likely revolutionize PRO measurement, it will be 
years before item banks become available for most health 
constructs and patient populations. This is a problem for 
healthcare organizations that wish to implement CAT for 
measuring PROs.

An alternative approach is to transform existing fixed-
format PRO measures (herein, legacy measures) into CAT 
by using an existing dataset of patient responses to calibrate 
the instrument. Researchers have demonstrated the feasi-
bility of using retrospective secondary analysis of existing 
datasets to develop CAT for PROs [7–9]. This process is an 
attractive alternative, because it capitalizes on the extensive 
body of work to develop high-quality PRO measures, and 
repurposes PRO data collected in prior clinical research. 
Therefore, fewer resources are required to develop and 
implement the CAT.

The purpose of this paper is to demonstrate procedures 
to develop and implement a CAT using items from legacy 
measures. We apply these procedures to (1) create and test 
an operational CAT for assessing perceived physical func-
tioning (CAT-PF), (2) evaluate various CAT designs, and (3) 
share the necessary information for practitioners to imple-
ment the CAT-PF.

Methods

Study design

For this study, we adopted the five-stage framework pro-
posed by Thompson and Weiss for developing a CAT, which 
is outlined in Table 1 [10]. We discuss the implementation 
of this framework in the following sections.

Study participants

In this study, we conducted a secondary analysis of retro-
spective data collected from a Canadian provincial worker’s 

compensation database—Alberta Workers’ Compensation 
Board (WCB-Alberta). In the original study by Gross et al., 
data were extracted from WCB-Alberta databases on all 
claimants undergoing assessment at a work rehabilitation 
centre [11]. Claimants are typically referred for assessment 
in the sub-acute phase of recovery from injury, with the aim 
of determining readiness for work and further rehabilita-
tion needs. At the time of the assessment, WCB claimants 
completed several PRO measures assessing quality of life, 
perceived pain using an 11-point visual analog scale (VAS) 
[12], disability, health status, and body-part-specific meas-
ures of physical function [11]. Demographic data were also 
collected.1

We used a subset of data from 1429 participants who 
completed fixed-format versions of three legacy measures: 
two scales from the Short-Form 36 Health Survey [13] and 
the Lower Extremity Functional Scale (LEFS). All partici-
pants who filled out the LEFS were somehow limited in 
their physical functioning (mobility, lower extremity impair-
ment); however, their primary site of injury was not neces-
sarily the lower extremity [14]. Participant characteristics 
for this subset are described in Table 2.

Stage 1: Feasibility, applicability, and planning 
studies

Thompson and Weiss [10] recommend evaluating the appli-
cability and feasibility of CAT within the context where 
it is intended to be used. The target construct and target 
population should also be defined. Practitioners who pri-
oritize efficiency and convenience in PRO measurement 
should consider implementing CAT because fewer items 
need to be administered to obtain an accurate measurement. 
The proliferation of smartphones and personal computers 
has made it more feasible to implement CAT. Patients can 
complete a PRO before arriving in the clinic and scores can 
automatically be entered into an electronic medical record. 
Importantly, the scores from a CAT are comparable with 
scores from their legacy measures [15]. Barriers to imple-
menting CATs for PRO assessment should be considered 
at this stage. Potential barriers include the availability of 
computer devices in the clinic, the capacity for training and 
support of practitioners and staff, and patient privacy poli-
cies with respect to electronic data collection and storage.

1  More information about the study participant characteristics and 
the conditions under which data were collected is available in the 
original study publication [11].
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Target population

The intended use of the CAT-PF is an outpatient physical 
rehabilitation setting, where PRO measures of physical 
functioning are often collected to monitor the effective-
ness of treatment, inform clinical decision-making, and 
for program evaluation [16]. The target population for the 
CAT-PF is individuals with a work-related sub-acute or 
chronic musculoskeletal injury (4–6 weeks after initial 
injury or longer).

Target construct

The concepts and terminology of the World Health Organi-
zation (WHO)’s International Classification of Functioning, 
Disability, and Health (ICF) framework be used as a basis 
for discussion of rehabilitation outcome assessment [3, 17]. 
Accordingly, we operationally defined the target construct 
for the CAT-PF—‘perceived physical functioning’—as 
self-reported capability to perform physical activities (e.g., 
mobility, lifting) and to participate in social roles (e.g., abil-
ity to perform usual work).

Stage 2: Develop an item bank

Candidate items

An item bank for CAT should have a sufficient number of 
items that measure precisely across all relevant levels of 
the target construct [18]. Therefore, we combined items 
from three legacy measures that potentially measure a sin-
gle underlying construct to create a preliminary item bank. 
These legacy measures are described below.

SF‑36 Physical Function and Role‑Physical scales

We used 14 items from the Medical Outcomes Study Short 
Form 36 Health Survey—version 2 (SF-36), which is one 
of the most commonly used generic health status measures 
in the world [19]. There are ten items in the SF-36 Physical 
Function scale (PhysFunc) which ask about limitations in 
different mobility activities (e.g., walking, going up stairs, 
bending, lifting) [20]. The PhysFunc items have a 3-point 
response scale: 1-“Yes, limited a lot,” 2-“Yes, limited a lit-
tle,” 3-“No, not limited at all” [13]. The SF-36 Role-Physical 
scale (RolePhys) has four items. They assess the impact of 

Table 1   An overview of steps for the development of a computerized adaptive test for patient-reported outcome measurement

Adapted from Thompson and Weiss’s [10] framework for the development of a CAT and recommendations proposed by Smits et al. [18]

Stage Work Key questions

1. Feasibility, applicability, and planning studies
 Research practical and business considera-

tions related to implementing CAT​
Develop a CAT implementation plan Is it feasible to implement CAT in this context?

Are there substantial benefits to implementing 
CAT in this context?

Define target population and target construct What is the target construct and target popula-
tion for the CAT?

2. Develop an item bank
 Utilize items from legacy measures Create an item bank, format items for CAT 

system
Do we have items from legacy measures that 

could potentially be combined to create an 
item bank for CAT, and a dataset of responses 
to those items?

3. Pretest and calibrate item bank
Preliminary item analysis Descriptive statistics for items and scales Do these items have good psychometric proper-

ties?
Test IRT assumptions Unidimensionality, local independence, mono-

tonicity
Are the assumptions of IRT met?

Fit an IRT model Estimate item parameters, check IRT model 
fit, differential item functioning

How well does the IRT model fit the data?
Do the items show bias in any subgroups?

Item calibration for CAT​ Test information function, conditional stand-
ard error of measurement curve

How well does the item bank measure over the 
range of the target construct?

4. Determine specifications for the CAT​
Evaluate CAT performance Real data simulations varying CAT design 

elements
What values of CAT design elements should be 

used for different measurement purposes?
5. Publish live CAT​
Implementation of live CAT​ Development of CAT system Is there an open-source (cost-effective) option 

for implementing CAT?
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a physical health problem on a person’s capability of par-
ticipating in their regular daily activities (work, accomplish-
ing tasks) [13]. These items have a 5-point response scale 
ranging from 1-“All of the time,” to 5-“None of the time” 
[13]. We felt there was sufficient evidence to combine the 
PhysFunc and the RolePhys scales because in factor analytic 
studies of the complete SF-36 instrument, their items con-
sistently load on the same factor, usually defined as physical 
health [19].

Lower Extremity Functional Scale

The Lower Extremity Functional Scale (LEFS) was the other 
scale used in this study [14]. Binkley et al. developed the 
LEFS as a PRO measure of physical functioning in patients 

with a lower extremity impairment [14]. The LEFS was 
designed for use in clinical practice and as a research tool, 
and is reported to be a reliable, valid, and responsive tool for 
assessing physical function in populations of patients with 
musculoskeletal conditions [14, 21]. The LEFS asks patients 
to rate the level of difficulty they would have with each of 20 
different physical activities. It has a 5-point response scale 
from 0-“extreme difficulty or unable to perform,” to 4-“no 
difficulty.” The items in the LEFS legacy version have a 
common opening phrase, “Today, do you or would you have 
any difficulty at all with...” We had to adapt the items so they 
could be read as stand-alone items on a computer screen.

Stage 3: Pretest and calibrate item bank

To use IRT, our item bank must meet certain requirements. 
We should check that our items function well (preliminary 
item analysis), that they are free of bias (differential item 
functioning), that they meet the assumptions of IRT, that 
they adequately fit the chosen IRT model. These steps ensure 
the quality and integrity of the CAT system. A detailed 
description of the pre-testing methods is provided in the 
electronic supplementary material (Online resource 1: Pre-
testing the item bank). All analyses were performed using 
R statistical software. R is a freely available language and 
environment for statistical computing [22].

We checked for potentially problematic items by exam-
ining the content and statistical properties of the items and 
legacy measures. We analyzed the items for differential 
item functioning (i.e., bias across population subgroups) 
by sex, age, education level, and diagnosis. The three key 
assumptions of IRT were tested: unidimensionality, local 
independence (LI), and monotonicity. Items are considered 
unidimensional when responses are a function of a single 
characteristic or variable (i.e., perceived physical function-
ing) [23]. We assessed dimensionality of the items from our 
legacy measures by fitting a one-factor confirmatory factor 
analysis (CFA) model to the data. The LI assumption is met 
when individuals’ responses to items are not related to their 
response to other items after the target construct has been 
taken into account [23]. We evaluated the assumption of LI 
by checking for correlations between the residuals from the 
CFA model. The monotonicity assumption was checked by 
visual inspection of empirical plots, the data should follow 
the shape of the function specified by the IRT model [23].

Fitting an IRT model

The item bank will need to be calibrated using a particu-
lar IRT model. IRT is a measurement framework for the 
design, analysis, and scoring of instruments measuring 
various latent traits and health-related constructs (e.g., 
physical ability, pain, quality of life). When a set of items 

Table 2   Characteristics of study participants (n = 1429)

a Calculated from sum total of raw scores for the items in the scale

Characteristic Mean (SD) or number 
of WCB claimants (%)

Age (years) 41.9 (11.9)
Time since injury (days) 142.9 (283.4)
Scale scoresa

 Perceived Pain-Visual Analog Scale 4.9 (2.6)
 Lower Extremity Functional Scale 40.3 (16.9)
 SF-36 Role Physical Subscale 18.2 (4.9)
 SF-36 Physical Function Subscale 8.5 (4.0)

Primary diagnoses
 Fractures 182 (12.7)
 Dislocations 24 (1.7)
 Sprains/strains 571 (40.0)
 Lacerations 94 (6.6)
 Contusions 100 (7.0)
 Nerve damage 28 (2.0)
 Joint disorders 330 (23.1)
 Others 100 (7.0)

Anatomical site of injury
 Neck 128 (9.0)
 Trunk 241 (16.9)
 Upper extremity 567 (39.7)
 Lower extremity 320 (22.4)
 Multiple site 6 (0.4)
 Not specified 167 (11.7)

Education
 Did not complete high school 190 (13.3)
 High school diploma 242 (16.9)
 Post-secondary education 351 (24.6)
 Unknown 646 (45.2)

Sex
 Male 983 (68.8)
 Female 446 (31.2)
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has been calibrated to an IRT model, all scores based on 
any subset of those items become comparable. Readers 
who are interested in learning more about the basics of 
IRT should consult one of the many good resources on 
the topic [23, 24].

Different IRT models can be used, depending on the item 
response options and other properties. We chose the gen-
eralized partial credit model (GPCM) to calibrate the item 
bank [20]. The GPCM is useful because it can accommodate 
items with different response option labels and it estimates 
two types of parameters for each item: a unique discrimina-
tion for each item and the response option category thresh-
olds (analogous to item difficulty) [23]. Examining the item 
discrimination parameter can give us an indication of the 
power of the item to distinguish between individuals with 
different levels of the health-related construct (i.e., how well 
the item can distinguish between patients with different lev-
els of physical functioning) [23]. Response option category 
thresholds indicate the level of perceived physical function-
ing necessary to choose one response option over another 
(e.g., whether a patient chooses “A little bit of difficulty” 
over “No difficulty,” or “Quite a bit of difficulty” over “mod-
erate difficulty”). The response threshold parameters and the 
level of health construct are estimated on the same logistic 
scale (typically ranging from − 5 to 5), which enables us to 
compare the items in relation to the patient.

We evaluated the fit of GPCM to the data by examining 
the parameters and response option characteristic curves 
(OCCs) for each item [22, 25]. Figure 1 shows an example 
of an OCC from a single item. We also compared the actual 
responses from participants to their expected responses (pre-
dicted by the GPCM) through visual inspection of empirical 
plots and statistical analysis. The impact of poorly fitting 
items on the IRT parameters was assessed by comparing the 
fit of the GPCM model to a restricted GPCM (model with 
the potentially problematic items removed).

Item calibration

Based on the pre-testing results, we selected the items for the 
CAT-PF item bank, with the goal of balancing statistical fit 
with retaining an adequate number of items to capture all rel-
evant levels of perceived physical functioning. We calibrated 
the final CAT item bank using the GPCM. We generated a 
plot of the test information function (TIF) and of the con-
ditional standard error of measurement (cSEM) to examine 
the functioning of the item bank for individuals over a range 
of perceived physical functioning levels.

Stage 4: Determine specifications for the CAT​

CAT administration and scoring

In order to understand the following procedures, in this sec-
tion we explain how the CAT administration and scoring 
system works. A typical CAT administration is illustrated 
in Fig. 2. First, the CAT system presents a starting item for 
all patients. This item either can be the same for all patients 
or randomly selected from the item bank for each patient. 
Based on the response option selected by the patient, the 
CAT system calculates an interim estimate of physical 
functioning. Then, the interim estimate is used for deciding 
the next item for the patient. The CAT system selects the 
most optimal item from the item bank and presents it to the 
patient. This cycle continues until a termination criterion 
(a pre-determined stopping rule) is met. The termination 

Fig. 1   An example of response option characteristic curves from 
GPCM. This plot was generated from item 8 of the Lower Extrem-
ity Functional Scale (Note P1–P5 refer to the response options in 
this particular item). The x-axis shows the latent trait (i.e., physi-
cal functioning) on a logistic scale ranging from − 6 to 6, while the 
y-axis shows the probability of choosing a particular response option 
(labeled as P1–P5). This figure shows that respondents whose latent 
trait level is low (e.g., − 4) are more likely to select the first response 
option (P1), whereas respondents whose latent trait level is high (e.g., 
4) are more likely to select the last response option (P5). The steep-
ness (i.e., slope) of the curves in this figure indicates item discrimina-
tion (i.e., the steeper the curve, the more discriminate the item) while 
the location of the curves on the x-axis shows the response category 
thresholds

Fig. 2   A typical CAT administration
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criterion may be based on a maximum test length (i.e., a pre-
determined number of items), a threshold of precision (i.e., 
degree of certainty or confidence that the score accurately 
reflects the patient’s perceived physical functioning), or a 
combination of test length and precision.

Figure 3 demonstrates how the scoring in a CAT system 
works for a particular patient. The patient’s level of physi-
cal functioning is set to zero (see the y-axis) at the beginning 
because it represents the mean IRT-score of physical func-
tioning for the full-item bank administration during the item 
calibration step, and is the best guess of the CAT-PF for all 
individuals prior to administering any items. After each item 
is administered (see the x-axis), the patient’s level of physi-
cal functioning is estimated. Because it is unlikely to measure 
physical functioning precisely with only a few items, the cSEM 
for the interim estimate is relatively wide at the beginning. 
As the patient takes more items, the estimate of the level of 
physical functioning becomes more precise (the cSEM interval 
becomes smaller). Once the CAT reaches the stopping point, a 
final estimate of physical functioning is obtained and reported.

CAT can be adapted to suit different PRO measurement 
contexts depending on the intended use of the scores. By 
changing the termination criterion, a practitioner can make 
trade-offs between desired measurement precision and effi-
ciency of administration. For instance, in a busy clinical 
environment where PRO data are collected for the purpose 
of program evaluation (i.e., assessing groups), there may be a 
willingness to sacrifice a certain amount of precision in order 
to collect PRO data more efficiently. Alternatively, when a 
precise measure is desirable, for instance, when individual 
treatment decisions are being made, the practitioner may 
use a precision-based termination criterion of cSEM = 0.31, 
which is comparable to a traditional reliability of 0.90 [18]. 
Precision and test length can be combined to limit the length 
of a test for individuals who do not fall in the range of 

perceived physical functioning where the CAT-PF is most 
precise (usually those who score at the very high or very low 
levels of the target construct). The estimates for these indi-
viduals may never reach a pre-specified level of precision, so 
the maximum test length criterion may be added with the aim 
of decreasing the burden of administration.

Real data simulations

Real data simulations allow us to approximate the perfor-
mance of CAT for hypothetical CAT design scenarios. In 
a real data simulation, the computer simulates the CAT-PF 
administration for each patient based on his or her actual 
responses to all items in the item bank and produces a physi-
cal functioning score estimate (i.e., ‘CAT-PF scores’) [10].

We conducted the real data simulations using the mirt-
CAT​ package (version 1.6.1) in R [22, 26]. In the simula-
tions, we used the maximum a posteriori scoring algorithm 
to estimate patients’ physical functioning level because it 
can estimate scores for all response patterns (e.g., for indi-
viduals whose responses are all at the extreme ends of the 
response scales). We chose the Maximum Fisher Informa-
tion for item selection.

We tested several conditions where we manipulated the 
termination criteria. In the first series of CAT simulations, 
we set the CAT-PF to stop when it had administered a maxi-
mum number of items (i.e., maximum test length of 4, 8, 
12, or 16 items). This allowed us to evaluate the number 
of items needed to attain a reasonably precise estimate. In 
the second series, we manipulated the precision-based ter-
mination criterion, at a cSEM = 0.15, as well as 0.22 and 
0.31 (corresponding to traditional reliability coefficients 
of 0.95 and 0.90, respectively) [18]. In the final series, we 
tested combination rules, where a precision-based criterion 
of either 0.22 or 0.31 was combined with various maximum 
test length stopping criteria.

CAT evaluation

We evaluated the performance of the various CAT-PF designs 
by comparing the CAT-PF scores with IRT estimates of physi-
cal functioning calculated from responses to the full-item set 
(i.e., ‘full-scores’). For each condition, we used the follow-
ing evaluation criteria: (1) mean cSEM of CAT-PF scores 
(precision); (2) correlation of full-scores and CAT-PF scores 
(accuracy); (3) root mean square error of the difference and 
the average difference between CAT-PF scores and full-scores 
(precision); (4) average and range of the number of items 
administered to reach a pre-set cSEM (efficiency); (5) pro-
portion of individuals who were administered the entire item 
bank (efficiency). The accuracy evaluation criteria for the 8 
item CAT design are illustrated by Fig. 4.

Fig. 3   Estimation of interim scores and final physical functioning 
score estimates in CAT​
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Results

Pre‑testing and calibration

The electronic supplementary material contains a detailed 
description of the item pre-testing results (Online resource 

1: Pretesting the item bank). Briefly, preliminary analysis of 
the items did not reveal problematic items. All the items fit 
the GPCM model, and showed adequate unidimensionality 
(Table A3, Online resource 1), indicating that the items meas-
ure a single underlying construct. However, we detected local 
dependencies between some items, and we eliminated three of 
the four RolePhys items because of this. The remaining items 
performed similarly across the subgroups of sex, age, education, 
and diagnosis.

The final item bank for the CAT-PF consisted of 31 items, 
which we calibrated with the GPCM. The item parameters 
are available in Table A1 (Online Resource 1). The TIF and 
cSEM curves in Fig. 5 were calculated from the full-item bank 
administration. The curves indicated that our measure are most 
informative for individuals with physical functioning scores 
between − 3.0 and + 3.0.

Real data simulations

The full-scores estimates of the participants ranged from 
− 3.24 to 3.42. The CAT-PF evaluation results under var-
ious designs are found in Table 3. In design 4, 16 items 
were administered (52% of the item bank), and CAT-PF 
score accuracy was 0.987. The accuracy of CAT-PF scores 
increased from r = 0.914 to 0.955 when we changed the max-
imum test length from 4 to 8 items (design 1 and 2). When 
a precision-based criterion of 0.22 was used (design 7), 
CAT-PF administered between 12 and 31 items per partici-
pant, 10% of the sample required the maximum of 31 items, 
and accuracy was high (r = 0.984). In design 8, an average 
of 8 items were administered (range 6–31, r = 0.955) with 

Fig. 4   Relationship between the full-scores and the scores from the 
CAT-PF using an 8-item maximum test length termination criterion. 
This figure illustrates the accuracy of the CAT-PF scores, that is, how 
closely they come to the scores from the full-item bank

Fig. 5   The conditional standard error of measurement (cSEM) and 
the test information function (TIF) curves for the CAT-PF item bank. 
The x-axes in the curves represent the latent trait continuum (in this 
case, physical functioning) on the same logistic scale as the item 
response characteristic curve in Fig.  1. In IRT, the reliability (test 

information, on the left y-axis) and the precision (cSEM, on the right 
y-axis) of a test vary across the latent trait continuum. Therefore, the 
TIF and cSEM curves are useful in understanding how a measure will 
perform, that is, how informative and precise it will be at a particular 
level of health-related construct
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precision level of cSEM = 0.28. We found that combining 
the precision-based (cSEM = 0.31) and maximum test length 
(8 items) termination criteria (design 15) was effective in 
improving efficiency, while maintaining a desirable level of 
precision (accuracy r = 0.935, cSEM = 0.304). Increasing the 
maximum test length beyond 8 items at this precision level 
did not substantially improve accuracy or precision of the 
CAT-PF scores (design 16 and 17).

Stage 5: Implementing the CAT‑PF

The final step was to develop the working CAT-PF using 
the mirtCAT​ package in R (version 1.6.1) [26]. We have 
shared information necessary to implement the CAT-PF as 
electronic supplementary material. We have included the R 
code (Online resource 2), item calibrations (Online resource 
3), and the item text (Online resource 4). The costs of imple-
menting the CAT-PF can be reduced by using freely avail-
able online CAT platforms (e.g., Concerto: Open-Source 
Online Adaptive Testing Platform http://conce​rtopl​atfor​
m.com [27]).

Discussion

In this paper, we have outlined the feasible and effective pro-
cesses we used to develop a CAT for assessment of patient-
reported physical functioning. We recycled previous work 
in this area by conducting a secondary analysis of existing 
data, and using items from legacy measures—which con-
served resources.

In the real data simulations, we found that we could 
administer fewer items and maintain the accuracy of the 
CAT-PF scores. This demonstrates the potential of CAT-PF 
to be efficient for measuring perceived physical functioning. 
Many authors have reported similar findings in simulation 
studies of CAT for rehabilitation outcome assessment [3, 
28–31]. Further, the authors who administered a live CAT 
in validity studies have found that CAT performs well and 
that it is well accepted by patients [32, 33].

Practitioners who wish to implement the CAT-PF can use 
results of the simulations to inform the set-up of the CAT 
termination criteria. For group-level measurement, a highly 
efficient CAT design would be to use a combination termina-
tion criteria including: (1) maximum test length of 8 items; 

Table 3   Performance of the physical function computerized adapted test (CAT-PF) under various simulation conditions

a maximum number items to be administered before CAT are terminated, bprecision cSEM threshold, cmean of the estimated CAT-PF scores, 
daverage cSEM of the estimated CAT-PF scores, dcorrelation of full-scores with CAT-PF score, eroot mean square-difference between full-scores 
and CAT-PF scores, faverage difference between full-scores and CAT-PF scores, gaverage number of items administered, hminimum and maxi-
mum number of items administered, iproportion of individuals who were administered the maximum number of items

Design 
number

Test lengtha cSEMb CAT-PF 
score meanc

Mean cSEMd Accuracyd RMSDe Biasf Items usedg Rangeh Proportion 
receiving max 
itemsi

Manipulating test length termination criteria (maximum items)
1 4 0.0215 0.342 0.914 0.398 − 0.014
2 8 0.0085 0.266 0.955 0.291 − 0.001
3 12 0.0073 0.233 0.976 0.213 0.000
4 16 0.0061 0.215 0.987 0.154 0.001
5 20 0.0048 0.202 0.994 0.110 0.002
Manipulating precision termination criteria (cSEM)
6 0.15 0.0071 0.187 1.000 0.000 0.000 31.0 31–31 1.00
7 0.22 0.0042 0.221 0.984 0.175 0.003 15.7 12–31 0.10
8 0.28 0.0114 0.275 0.955 0.292 − 0.004 7.9 6–31 0.02
9 0.31 0.0155 0.300 0.939 0.336 − 0.008 6.1 5–31 0.01
10 0.35 0.0183 0.332 0.924 0.373 − 0.011 4.6 4–31 0.01
Combining termination criteria
11 8 0.22 0.0085 0.266 0.955 0.291 − 0.001 8.0 8–8 1.00
12 12 0.22 0.0073 0.233 0.976 0.213 0.000 12.0 12–12 1.00
13 16 0.22 0.0069 0.225 0.982 0.186 0.000 13.7 12–16 0.26
14 4 0.31 0.0215 0.342 0.914 0.398 − 0.014 4.0 4–4 1.00
15 8 0.31 0.0162 0.304 0.935 0.348 − 0.009 5.6 5–8 0.11
16 12 0.31 0.0162 0.301 0.939 0.337 − 0.009 5.8 5–12 0.03
17 16 0.31 0.0162 0.301 0.939 0.337 − 0.009 5.9 5–16 0.02
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and (2) precision termination criteria of cSEM = 0.31. The 
practitioner can expect the accuracy and precision of the 
scores to be maintained, with far fewer items than if the 
fixed-format legacy measures were used.

For making individual treatment decisions, a more 
precise measurement may be desirable. In this case, prac-
titioners should use a precision-based termination crite-
rion (cSEM = 0.22). A gain in overall efficiency could be 
expected, with the average number of items administered 
being 15.7 (SD = 5.8), with some individuals requiring as 
few as 12 items to reach a CAT-PF score estimate with this 
degree of precision. The accuracy (r = 0.98) and precision 
(mean cSEM = 0.22) of the scores would not be greatly 
impacted.

Strengths and limitations

We had a sufficiently large sample size to calibrate the items 
for CAT using IRT [23]. We used legacy measures with well-
established measurement properties to create our CAT item 
bank, the items fit the GPCM well, and the item bank as a 
whole measured precisely over the range of perceived physi-
cal functioning in the study participants. However, we found 
local dependencies between some items, and only some of 
those items were eliminated because of our concern with 
maintaining an adequate number of items in the item bank.

There are a few limitations to this study which practition-
ers should be aware of when implementing CAT-PF. The 
first is that this study was conducted using real data simula-
tions, and thus, the CAT-PF may perform differently when 
implemented in clinical practice. Second, the ability to cal-
culate separate scores for each legacy measure is lost when 
the items are combined into a single item bank for CAT. 
This may be a concern for practitioners who are interested in 
measuring participation-related and activity-related physical 
functioning as separate constructs. A third consideration is 
that we have not provided evidence for the use of CAT-PF 
to assess change within an individual over time (i.e., respon-
siveness). Finally, the CAT-PF item calibrations are specific 
to the population in this study. As with any measurement 
instrument, the practitioner must use clinical judgement to 
decide whether their intended patient population and context 
is similar enough to our study sample.

Conclusions

In summary, we have presented procedures to develop a 
CAT for measuring perceived physical functioning. Our 
procedures can be applied to other patient-reported out-
comes. We shared the information necessary to implement 
the CAT-PF in clinical practice.
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