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Abstract
Purpose—Computerized adaptive testing (CAT) item banks may need to be updated, but before
new items can be added, they must be linked to the previous CAT. The purpose of this study was
to evaluate 41 pretest items prior to including them into an operational CAT.

Methods—We recruited 6,882 patients with spine, lower extremity, upper extremity, and
nonorthopedic impairments who received outpatient rehabilitation in one of 147 clinics across 13
states of the USA. Forty-one new Daily Activity (DA) items were administered along with the
Activity Measure for Post-Acute Care Daily Activity CAT (DA-CAT-1) in five separate waves.
We compared the scoring consistency with the full item bank, test information function (TIF),
person standard errors (SEs), and content range of the DA-CAT-1 to the new CAT (DA-CAT-2)
with the pretest items by real data simulations.

Results—We retained 29 of the 41 pretest items. Scores from the DA-CAT-2 were more
consistent (ICC = 0.90 versus 0.96) than DA-CAT-1 when compared with the full item bank. TIF
and person SEs were improved for persons with higher levels of DA functioning, and ceiling
effects were reduced from 16.1% to 6.1%.

Conclusions—Item response theory and online calibration methods were valuable in improving
the DA-CAT.
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Introduction
Computerized adaptive testing (CAT) is increasingly being proposed for use in routine
functional and health-related quality-of-life assessments in outpatient rehabilitation
programs [1–4], and is considered the new wave of the future in patient-reported outcome
(PRO) assessments [5–10]. CAT employs a simple form of artificial intelligence that selects
questions tailored to the patient, shortens or lengthens the test to achieve the desired
precision, and scores everyone on a standard metric. Using CAT, respondents are
administered items that provide the most information at the current score estimate on a
particular PRO domain. Only enough items are administered in order to satisfy preset
precision rules, or alternately, a maximum number of items is determined in advance. CAT
platforms require the development of a comprehensive and calibrated set of items (item
banks) that define each underlying PRO dimension [11].

An item bank is a collection of items that represents a range of performance or difficulty
levels for a particular PRO domain [12–14]. Item banks are developed by linking outcome
items from different sources, or adding new items so that they can be meaningfully
compared together on a common underlying metric. Item response theory (IRT) methods
can be used to calibrate items onto a unidimensional scale [9, 15].

Recently, we reported on the prospective use of a functional outcome CAT in a series of
1,815 rehabilitation outpatients who were administered the Activity Measure for Post-Acute
Care (AM-PAC) at admission and discharge [4]. In this present study, we wanted to
determine if the CAT programs covered the content necessary for a typical out-patient
sample and if the psychometric properties of the CAT could be improved by adding
additional items to the item bank. By demonstrating that the CAT could be improved
incrementally by adding new items to the bank, we could illustrate how to improve
systematically the performance of the CAT in a dynamic outpatient rehabilitation setting.

For outpatient programs, we used two of the three AM-PAC domains, namely Basic
Mobility and Daily Activities. A third AM-PAC domain (Applied Cognition) was not
included because cognitive deficits were infrequent in patients receiving outpatient
rehabilitation services. Based on earlier factor analytic and IRT analyses, Basic Mobility and
Daily Activity scale domains were identified as unidimensional and distinct [16]. The Basic
Mobility domain contains 120 items of essential functional activities such as bending,
walking, carrying, and climbing stairs. The item bank for the Daily Activity domain includes
65 distinct personal care, dressing, meal, and instrumental activities of daily living tasks.
The content and conceptual approach towards building the Daily Activity item banks have
been discussed elsewhere [17].

The Basic Mobility and Daily Activity item banks were developed from a sample of 1,041
post-acute care patients who were actively receiving inpatient and community-based
rehabilitation services at the time of assessment [18]. Patients were recruited from one of
four post-acute care settings with rehabilitation outpatient services comprising
approximately 25% (n = 237) of the sample. The remainder of the sample was recruited
from inpatient and home-care facilities. Details of the full sampling plan have been
published elsewhere [18]. The original post-acute care sample included three major patient
groups: (1) 33.2% neurological (e.g., stroke, multiple sclerosis, Parkinson's disease, brain
injury, spinal cord injury, neuropathy); (2) 28.4% musculo-skeletal (e.g., fractures, joint
replacements, orthopedic surgery, joint or muscular pain); and (3) 38.4% medically complex
(e.g., debility resulting from illness, cardiopulmonary conditions, or postsurgical recovery).

Although the findings of use of the AM-PAC-CATs in outpatient rehabilitation programs
were generally positive [4], a substantial ceiling effect (approximately 16%) was noted for
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the Daily Activity domain. This effect was not entirely unexpected, since the calibration
sample included only about a quarter of patients who were from an outpatient rehabilitation
setting. Thus, in this study, we sought to improve the scale properties of the Daily Activity
domain, and specifically to see if we could reduce ceiling effects. We report only on the
changes made in the Daily Activity CAT in this article, even though some Basic Mobility
pretest items were also collected from the sample. Thus, the purpose of this article is to
present an efficient procedure for rapidly improving the content coverage and psychometric
characteristics of an operational CAT using the PRO domain of Daily Activities to illustrate
this process.

Methods
Rather than recalibrating the entire Daily Activity item bank, or developing a totally new
version of an instrument, the dynamic nature of CAT assessments allowed us to add new
items that could be integrated into the scoring metric used in previous versions of the Daily
Activity CAT. We seeded new items into the operational Daily Activity CAT assessment
after the operational CAT was administered. These new items were not included in the
scoring estimate of the operational CAT at the point of service, but were retained for future
IRT analyses. Before new items (pretest) could be included into the updated Daily Activity
CAT, they had to be calibrated and linked to the original IRT scale underlying the CAT.

We used a real-data simulation approach to compare the performance characteristics of the
operational CAT (DA-CAT-1) to the expanded item bank in the CAT (DA-CAT-2) with the
pretest items that were retained [19]. Real-data simulation (computer simulation) is based on
the actual computer adaptive testing and pretest response data. As items were selected for
administration in the simulation, responses were taken from the actual data set. The validity
of this real-data simulation approach for studying CAT estimated scores assumes that
persons respond in much the same way to items regardless of their context; that is, items that
precede or follow, or short versus long forms, would not impact on a person's responses to
items.

Subjects
We recruited 6,682 patients who were recently admitted to an outpatient rehabilitation
program in 147 outpatient clinics across 13 states of the USA that were operated by Select
Physical Therapy and NovaCare, a division of clinics owned and operated by Select Medical
Corporation. Patients were mainly seeking treatment for orthopedic or sports injuries.
Because we are only reporting on the Daily Activity pretest items in this article, most of the
subjects had upper extremity impairments, spine or other conditions; few subjects are
included here with only lower extremity impairments. Spine impairments included
impairments of the cervical, thoracic or lumbosacral region of the spine. Upper extremity
impairments included conditions of the shoulder, elbow, hand, and wrist. Lower extremity
impairments were conditions of the hip, knee, foot, and ankle. Other conditions included
neurological, medical, and unspecified major traumatic impairments. See Table 1 for full
demographics of the sample. The Institutional Review Board at Boston University Medical
Center approved all data transfer procedures to protect the identity of individual subjects.

Daily Activity item bank construction
The 65-item Daily Activity item bank was used in the original Daily Activity CAT. Items
were phrased, “How much difficulty do you currently have (without help from another
person or device) with the following activities …?” A polytomous response choice included
“none,” “a little,” “a lot,” and “unable.” We framed the activity questions in a general
fashion without specific attribution to health, medical conditions or disabling factors. Details
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of the stop rules, person estimation, and content balancing routines for the DA-CAT-1 are
provided in Jette et al. [4]. Based on input from clinical experts, we developed 41 new Daily
Activity items to be incorporated into the DA-CAT-2. The content items were primarily in
the areas of work or sports medicine, more complex upper extremity tasks, and daily tasks
that required neck, shoulder, and trunk movements: content areas that were not adequately
covered by the original item bank. The initial two waves included some Basic Mobility
items (not reported here), thus a full set of ten new Daily Activity items were not tested. The
third wave included mainly instrumental activities of daily living (ADL) items. The fourth
wave was comprised of items that were oriented to shoulder conditions. The final wave
included items specifically directed to patients with cervical conditions. The new items were
intended to plug content gaps and extend the content range of the original item bank, to
improve applicability to a general rehabilitation outpatient program, and to enrich functional
content for patients with shoulder and cervical conditions.

Data collection procedures
Subjects completed the self-report DA-CAT-1 on a tablet computer provided to them in the
waiting room prior to their initial outpatient visit. After the DA-CAT-1 was completed,
patients were asked if they would answer up to ten additional questions to help the clinic
improve its outcome assessments in the future. Only 1% of the patients refused to complete
the supplementary items.

Because of the time demands for data collection in a busy clinic environment, not every
patient answered questions on the full set of 41 pretest items, as this was felt to create a
burden for both patients and staff. We conducted the item calibration work in five waves, in
which cohorts of patients (without overlap) were asked to respond to no more than ten new
items after they completed the operational Daily Activity CAT assessment. The pretest items
were tested for inclusion in the Daily Activity item bank for subsequent use in the revised
CAT (DA-CAT-2). See Table 2 for the sample sizes per pretest wave and the Daily Activity
items that were part of each wave. Subject demographic information, surgical status, and
major impairment were all available from administrative data collected routinely by each
outpatient clinic, and combined with the CAT scores. An office staff member was available
to the subjects during the administration process to answer any questions.

Analyses
We conducted the analyses in three phases: (1) we examined the fit of pretest items into the
original Daily Activity item bank; (2) using real-data simulations (see “Computer simulation
studies” section below) we directly compared the psychometrics of the original CAT version
(DA-CAT-1) to the new CAT version with the pretest items (DA-CAT-2), as we were
particularly interested in testing new items that might increase the ceiling of the Daily
Activity item bank; and (3) we applied a series of criteria [scoring consistency with full item
pool, test information function (TIF), person standard errors (SE), and content range,
including ceiling effects] to determine if the pretest Daily Activity items embedded into the
revised CAT (DA-CAT-2) improved the operational CAT (DA-CAT-1).

Item parameters and fit—In order to determine if an item was to be included in the next
version of the CAT (DA-CAT-2), we examined unidimensionality and local independence,
item fit, and differential item functioning (DIF). We tested the latent structure of the Daily
Activity items for each separate wave in a series of confirmatory factor analyses (CFA) and
evaluated item loadings and residual correlations between items using MPlus software [20].
Due to missing data, we were unable to conduct a full CFA across all pretest items, and
performed the CFA at each wave. We used weighted least-square methods for factor
analysis of categorical data because traditional factor analysis could overestimate the
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number of factors and underestimate the factor loadings when analyzing skewed categorical
data. As criteria, we used traditional fit statistics CFI, TLI values greater than 0.9, and
RMSEA less than 0.1. To assess potential scale drift, we examined the correlations of the
person scores from the full item bank to the CAT scores at each wave, and the original
person score distribution mean and its change with respect to the new items added in the
final CATs.

We applied Stone's approach to assess item fit [21–23]. Rather than using the point estimate
of the person score, as is the practice in many fit statistics, information from the full
posterior distribution of the person score was used to construct the fit statistics. The
continuous θ scale is approximated by a set of discrete points, then the posterior
probabilities at given discrete θ can be estimated. The pseudocounts of the number of
persons at each ability group are then calculated. Then the Pearson chi-square goodness-of-
fit statistic comparing the pseudo-observed and expected score distribution are calculated.
The P-value is calculated from the comparison between the actual statistics and a simulated
statistics distribution. The simulated person response data were based on the person ability
and item parameters estimated from the actual data. The actual statistics are then compared
with the simulated statistics distribution based on 100 simulated samples. Statistical
significance was set at α < 0.05.

DIF was assessed using logistic regression, with the dependent variable as the item score,
and the independent variables were the background variables (such as age, gender, etc.), the
ability level (total test score), and the background variable and ability interaction [24]. In a
DIF study, if the background effect is significant and the interaction effect is not, then the
item has uniform DIF; on the other hand, if the interaction effect is significant, the item has
nonuniform DIF. The analytic strategy was to successively add ability level, background
variables, and interaction terms into the model. The model comparison is based on the
likelihood ratio test. We used Bonferroni corrected P-values for significance testing. Pseudo-
R2 change was used to quantify the effect size of both uniform and nonuniform DIF. Zumbo
[24] proposed a cutoff value of 0.13 for the R2 change. This corresponds to a medium effect
size [25] where small, medium, and large effect sizes are 0.02, 0.13, and 0.26, respectively.
Local dependence was determined by calculating the residual correlation between item pairs
after controlling for the trait estimate. For each person, the expected value of each item is
calculated, and then the residual is calculated as the difference between the observed value
and the expected value for each item. The residual correlation is the correlation between
item pairs across all the subjects. Local dependence was defined as the residual correlation
between item pairs greater than 0.2. This is a common procedure and criterion for screening
out local dependence [26–28].

Because we calibrated items based on an existing CAT, which uses a small number of items
per assessment, and new pretest items that require item parameter estimates equated to the
existing CAT, we used an online pretest calibration method. Numerous methods have been
proposed for online calibrations [29, 30]. They differ in the number of parameters estimated,
their estimation procedures and the number of estimation cycles, their functional form, and
whether ability or item estimates are fixed during various stages of the procedure. For our
study, we employed Stocking's method A [31]. This was an appropriate choice for this
project since the person scores were estimated from the CAT assessments, often restricted to
seven items or fewer. We also performed the “one EM cycle” approach of Wainer and
Mislevy [32]. The results were similar to Stocking's method A in the first wave analysis,
thus we chose to use Stocking's method A because of its greater simplicity and efficiency.
We experimented with using the multiple EM cycle, but chose not to use this method
because some item discrimination parameters appeared overly inflated and because a small

Haley et al. Page 5

Qual Life Res. Author manuscript; available in PMC 2012 April 30.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



number of poorly discriminating items may markedly affect the item calibrations, especially
the posterior distribution.

The IRT modeling of the items was conducted using the generalized partial credit model
(GPCM) [33]. The GPCM is an extension to polytomous items of the two-parameter logistic
model for dichotomous items. In the model each item has a slope parameter describing the
item's ability to discriminate between subjects with different levels of ability and a set of
threshold parameters describing the “difficulty” of the item [34]. Actually, the IRT models
are formally equivalent to nonlinear mixed models; for instance, the GPCM model could be
considered the random-effects adjacent-categories logit model [35].

The GPCM uses two parameters—item category/boundary locations and discrimination—in
estimating item locations and person scores. In the GPCM, there is no equality constraint on
the threshold parameters, thus each item can have unique category characteristic curves. The
model estimates item difficulty parameters as logit, equal-interval logarithm-transformed
units of measurement [36]. We used the GPCM in this study since our original Daily
Activity calibrations were based on GPCM, and thus we continued to use this IRT model in
the recalibration with the pretest items.

Starting with the GPCM, Stocking's method A fixes the ability estimates computed from the
operational CAT (DA-CAT-1) item responses. The fixed ability estimates were based on the
existing items in the bank which allowed us to calibrate the new items. These fixed ability
estimates then produced the new item parameters (slope and location) for the pretest items.
This simple fixing of the ability estimates results in pretest item calibrations on the same
scale as the original operational item estimates.

Computer simulation studies—Once we decided which pretest items to retain and had
obtained our final item calibrations, we conducted a series of real-data CAT simulations
with the DA-CAT-2 and DA-CAT-1 and compared results. In the DA-CAT-2, we used the
new item bank with the chosen pretest items to simulate a new CAT program. Responses are
fed into the CAT program based on how persons answered items from the previously
completed functional assessment. In the present research, we used an empirical simulation
approach for investigating the merits of the new pretest items by using the complete set of
the actual item responses of patients reporting about their daily activity functioning. As
items were selected for administration in the DA-CAT-2, responses were extracted from the
patient's actual dataset. For the CAT simulations, we used identical procedures as for the
operational CAT, including a stop rule of no more than seven items, and a content balancing
algorithm that allowed items to be selected based on both content specifications and
maximum information function for the first four items of the Daily Activity scale. That is,
the item with the maximum information at the current score level within one of four separate
content areas was chosen. After the first four items, the selection of the rest of the items was
based solely on maximizing the information value at the current score level [4]. The CAT
was limited by a seven-item stop rule. We based the CAT algorithms used in this study on
software developed at the Health and Disability Research Institute, HDRI™, Boston
University.

Impact of pretest items (DA-CAT-2 versus DA-CAT-1)—We examined the impact of
the pretest items by studying patient scoring differences between DA-CAT-1 and DA-
CAT-2. We used four criteria: (1) scoring consistency with full item pool, (2) TIF, (3)
precision using average SEs for person scores, and (4) content range. We defined
consistency as the level of correspondence [using an intraclass correlation coefficient (ICC)]
between either the CAT-based DA-CAT-1 or the DA-CAT-2 and the IRT criterion score
(best possible score estimate based on the full item bank). We defined precision as the
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average SE associated with person scores [37]. TIF was defined as a summary of
information provided by individual items in the instrument and it identifies where along an
underlying scale items have their best level of discrimination and precision [38]. TIF values
are closely related to the SE of the person ability estimates for Daily Activities. Specifically,
the SE of the person ability estimate of Daily Activity is the inverse of the square root of the
negative second derivative of the log likelihood (observed information), which is the same
as Fisher's expected information in GPCM [39].

The location on the Daily Activity scale where the TIF curve peaks indicates the portion on
the scale best measured by that instrument. When the TIF is peaked at or around the same
range on the scale as the peak of the patients' ability distribution, the instrument is
appropriate for the ability levels of the population being measured. The content range of the
DA-CAT-1 and DA-CAT-2 was based on estimated locations of the item-response
categories that represent the lowest and highest level of ability [40]. The term “content
range” refers to the breadth of the functional levels captured by the items, and does not
imply an assessment of content validity. The ceiling effect was the point at which score
estimates exceeded the highest estimated item-response category (a four-point rating scale
was used, so each item had three category threshold parameters). The floor effect was
likewise defined as the point at which Daily Activity measures fell beyond the lowest point
of the estimated item-response category.

Estimated AM-PAC scores for each subject in the sample were converted to a transformed
score, which is a simple linear translation that expressed scores as deviations from a measure
of central tendency. In this study, we used a mean of 50 and a standard deviation of 10 (T-
scale) [6]. By using norm-based scoring instead of the more traditional 0–100 scale, we are
able to raise the ceiling or lower the floor of the scale in the future by adding and calibrating
new items, and the placement (and scoring) of the item thresholds in relation to the average
does not change.

Results
Item parameters

We eliminated 12 of the 41 pretest items due to combinations of lack of unidimensionality
based on the CFA at each wave, poor item fit, local dependence or, in one case, because we
could not get an item estimate to converge. Items eliminated include: “Doing a push-up”
(item fit and local dependence), “Lifting 25 pounds from the ground to above shoulder
height–,” “Lifting 5 pounds from a table to above shoulder height–” (local dependence),
“Digging a hole in the ground with a shovel,” “Setting a watch,” “Flossing your teeth,”
“Throwing a ball–,” “Sleeping on your `painful' shoulder,” “Sit in chair holding a book
while reading,” “Checking the blind spot while driving a car,” “Holding head steady while
driving a car in traffic on a local road” (unidimensionality and item fit), and “Coughing” (no
converge). Table 3 lists the 29 pretest items retained. A few items had less than ideal fit, but
were retained for their location on the scale or the relevance of their content to the Daily
Activity scale. The overall level of item and person misfit was greater than the chance range
(1–2 items) expected under the criterion of α < 0.05. Since the item fits are based on the
estimated scores from just seven items (CAT stop rule) the item fits may be biased, and
therefore we chose at this time to maintain the full item bank and monitor the fit in
subsequent analyses. None of the retained items showed any DIF by gender or age; some of
the items had been calibrated on female samples only (make-up and use of hairdryer). We
did not have available to us race or ethnic information, so we could not perform a DIF
analysis on these variables. Correlations between CAT scores and the full item bank were
consistently at the r = 0.81 level. The original person score distribution mean was 54.1 and
standard deviation 10.6; the person score distribution after adding the new items was 55.3
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and standard deviation 12.9. These means are very similar and, along with the correlation
results, suggest that the CAT scores did not drift across successive waves.

Impact of pretest items (DA-CAT-2 versus DA-CAT-1)
The scoring consistency (comparison of person scores from full item pool to CAT) was
improved when using the pretest items in DA-CAT-2 versus the original CAT without the
pretest items. The ICC between DA-CAT-1 and the full set of items (best possible estimate)
was 0.90, while the ICC between the full item pool and DA-CAT-2 was 0.96.

We built items to improve the entire Daily Activity scale, but primarily we focused on the
more advanced performance levels of Daily Activity. We used TIF to see if we were able to
shift greater information to the higher performance end of the scale. Figure 1 depicts the
TIFs for the DA-CAT-1 and DA-CAT-2. Note that the TIF for DA-CAT-2 is shifted to the
right (toward the higher-performance end of the Daily Activity scale) of the original TIF for
DA-CAT-1. However, the magnitude of the TIF is dependent on the number of items, so it
would be expected that the TIF for DA-CAT-2 would be greater, although not necessarily
changed in position as we note in Fig. 1.

In Fig. 2, we have represented the improvement (decrease) in person score standard error
(SE) when comparing DA-CAT-2 with DA-CAT-1. The decrease in standard error occurs
primarily at the high-performance end of the scale. As depicted in Fig. 2, the major
differences in SE take place at the higher-performance end of the Daily Activity scale. The
effective content range of DA-CAT-2 was improved over DA-CAT-1 (Table 4). When
scoring persons with the DA-CAT-2, we obtained about a 10% reduction of ceiling effects
seen in DA-CAT-1 (16.11% versus 6.13%).

Discussion
One of the proposed advantages of the CAT methodology is to improve measurement of
important PRO concepts dynamically, that is, to change or replace items iteratively as new
samples of patients require more relevant assessments or as better items become available
[41, 42]. This process is completed regularly in educational performance tests, in which
sample items are routinely given to students so that new items can be evaluated for inclusion
in future versions. These updates are also needed in health care applications, although many
of the conditions for testing new items in a busy clinical environment are not as amenable to
collecting pretest items as in a “captured audience” in a classroom setting.

Based on previous work, we suspected that a sample of patients typically seen in an
outpatient rehabilitation setting might encounter ceiling effects with the Daily Activity scale.
The original calibrations were drawn from a diverse sample of inpatient and community-
based post-acute care patients [18], many of whom had substantial disability. Initial review
of the data indicated that, indeed, ceiling effects were present [4], and therefore clinics were
interested in examining new items that would help make the Daily Activity CAT scale more
relevant to their patients and to avoid reaching a maximum score.

Although a series of 41 new Daily Activity items were written and tested, we found that 29
could be included in the next version of the Daily Activity item bank. A number of the new
items contained important content, but were apparently not written clearly and were
removed for the new version of the item bank. We did not conduct any cognitive testing or
other qualitative analyses on the new pretest items and this may have contributed to the lack
of clarity of some items. We did not find any particular pattern or theme to items that had
significant fit problems, although some items included multiple tasks; for example, the item
“Sit in chair holding a book while reading” was removed due to poor item fit, presumably
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because it was not clear if we were asking about a person's difficulty in sitting, holding a
book or actually reading. This item may be the focus of revision in the future. Other items
showed too much local dependence, such as a series of items assessing lifting (100, 50, 10
pounds). Some items were retained because of the importance of their content and scale
location; others were removed from this version. In the future, we may develop a series of
testlet-type items [43, 44], in which the amounts of weight are reworked as response choices
in one item. To remove items purely on a statistical basis without assessing the impact on
the content validity and coverage of the scale is, in our view, undesirable. In the final
analysis, our decision to retain items was made both on content and statistical criteria.

We chose to use a simple form of online calibration methodology, as we found no real
advantages for using more complex methods. We did explore using a sparse-matrix
concurrent calibration approach, and with one and multiple EM cycles. However, we found
very similar results in wave 1 to the results presented herein. More work in the future should
be directed at whether one of these methods is preferable under different data-acquisition
conditions. Additionally, we used the GPCM for estimating item parameters since we had
conducted all previous analyses using this model. Other IRT models might have been
selected here and may have fit the data better; however, it made most sense for us to
maintain the original IRT model from the initial calibration sample.

Both the consistency of the person score estimates with the full item bank and the precision
of the DA-CAT-2 were superior to those of DA-CAT-1 without the pretest items. We note
that the precision gains are at the high-performance levels of Daily Activity, which was
where improvement was needed. The precision gains should be interpreted in light of the
fact that additional items with high discrimination will improve precision (decrease standard
errors). However, the precision improvements are not random, but are clearly at the point of
the scale (greater ability in Daily Activities) that is needed for this outpatient sample.
Furthermore, when comparing the performance of the two CAT versions, the respondent
burden in the DA-CAT-2 had the same number of items (seven) as in the DA-CAT-1; there
were just more items available for the CAT to choose from the item bank.

The major finding in this study of a reduction in ceiling effects using the CAT with the
pretest items in the item bank is promising. In our experience, ceiling effects are a notable
challenge in most IRT scales and CAT applications [4, 45], and we achieved about a 10%
reduction with the incorporation of the new pretest items. Constant monitoring of this effect
is important so that the scale can be as sensitive as possible to health and functional changes
throughout the entire continuum of Daily Activities. We still, however, have rather large
standard errors in the DA-CAT-2 at person score estimates greater than 75. Although these
SE are less in the DA-CAT-2 than in DA-CAT-1, they still need to be reduced by improving
the item content and discrimination at the higher end of the scale.

In the fifth wave of new items, clinicians suggested that we incorporate body-region-specific
items for cervical patients. Six of these ten pretest items were retained in the DA-CAT-2. As
more of these items are evaluated and retained in the CAT, it may be possible to set a filter
on the CAT to administer mainly Daily Activity items that require some form of neck
stabilization or movements for patients with specific cervical conditions. The advantage of
this type of content organization is that a metric of Daily Activity functioning is
theoretically available with any combination of items from the item bank, and that cervical
patients could be administered items that are most relevant to their condition, yet their score
could be compared with other patients who were administered different subsets of items
with the CAT. This is an exciting possibility worthy of future research. In future studies,
options include administering additional items to improve precision based on a
predetermined standard.
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Our analyses and results suggest a potential approach towards evaluating new items for
inclusion in updating PRO CATs. By using online calibration techniques and computer
simulations of real data, we were able to provide the best estimate as to how this new item
bank and CAT would function. However, full implementation of the new CAT version and
its monitoring over time will be the final determinant of whether we achieved meaningful
improvements in scoring consistency with the full item pool, precision, and a reduction of
ceiling effects as the simulation analyses suggest.

We note a number of limitations to the study. Due to practical concerns in the clinic with
patient response burden and potential interruptions in patient availability, we were unable to
administer all of the pretest items to each patient. A compromise was reached to administer
no more than ten new items per patient. We found a very high compliance rate (99%), thus
patients seemed to be willing to take a minimal amount of extra time to participate;
however, the clinic wanted to acquire the CAT data first. Patients then volunteered to
answer the pretest items. Since patients knew that the pretest items were not part of their
own health and functional data, there may have been less interest in answering these items
with the same care as items administered in the operational CAT. Since we were unable to
administer the items randomly or co-vertly within the CAT session, this may have led to
serial order effects or bias. However, we did not find excessive person-fit problems in the
data, thus it appears that the bias may have been relatively small. Replication with an
improved item administration design is needed to minimize these potential biases.

The operational CAT was set up with a stop rule of seven items. Although this worked quite
well for the purposes of group monitoring and sensitivity to change within and across sites
[4], it did create missing data. We tried to offset this limitation by recruiting fairly large
sample sizes in each prospective wave of data collection; however, replication is needed to
confirm the stability of these findings. To maximize sample size, we sampled data from the
initial intake (admission) to the outpatient episode, which is usually available at a much
higher rate than assessments performed at or near discharge. As more data are available, we
plan to validate these calibrations and CAT results with data collected at discharge from
outpatient rehabilitation.

We believe these results reveal that, by continually monitoring outcomes and the quality of
PRO measurement, outcome measurement can be rapidly improved for many general and
specific patient populations. The simulation results described in this article are a first step in
optimizing the measurement of important PRO concepts in future CAT applications.
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Fig. 1.
Information functions for DA-CAT-1 and DA-CAT-2
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Fig. 2.
Comparison of person score standard errors between CAT versions
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Table 2

Sample sizes and pretest item list administered at each data collection wave (some items abbreviated)

Wave 1 (n = 1733) Wave 2 (n = 1951) Wave 3 (n = 1317) Wave 4 (n = 1054) Wave 5 (n = 827)

Items (k = 4) Items (k = 7) Items (k = 10) Items (k = 10) Items (k = 10)

Lift 100 pounds Lift 25 pounds to
table

Painting a door Reaching overhead into a
cabinet to get something off a
shelf

Sit in chair holding a
book while reading

Lift heavy object
overhead

Lift 25 pounds
above shoulder

Digging a hole in the ground with
a shovel

Changing a light bulb above
your head

Hold a telephone between
ear and shoulder

One push-up Lift 10 pounds to
table

Hanging wash on a line at eye
level or above…

Reaching into the back
pocket of a pair of pants

Checking the blind spot
while driving a car

Five push-ups Lift 10 pounds
above shoulder

Washing indoor windows Washing your lower back Turning head quickly to
look behind you

Lift 5 pounds to a
table

Opening a stuck window Fastening a necklace behind
your neck

Look up at clouds in the
sky

Lift 5 pounds above
shoulder

Setting a watch Throwing a ball Watch a movie in a
movie theatre

Hang curtains Moving a sofa to clean under it… Working with your hands
overhead for 2–5 min

Look at a computer
screen for more than 15
min

Flossing your teeth Reaching behind you to get
your seatbelt

Gargle with mouthwash
with head tilted back

Blow dry your hair Sleeping on your `painful'
shoulder

Coughing

Fastening clothing behind your
back–

Carrying two plastic grocery
bags with handles at your
side for 50 feet

Hold head steady while
driving a car in traffic on
a local road
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Table 4

Comparison of scoring range between CAT versions with (DA-CAT-2) and without (DA-CAT-1) pretest
items

Number of items Scale score range Floor effects (%) Ceiling effects (%)

DA-CAT-1 65 9.89–78.71 0 16.11

DA-CAT-2 65 + 29 9.89–99.00 0 6.13
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