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Computerized adaptive testing (CAT), which administers only items relevant to 

respondents’ ability, has the advantage of measuring persons’ ability precisely with 

considerably fewer items than traditional tests.  CAT has been proposed for use in 

healthcare to reduce the respondents’, administrators’ or researchers’ burden in 

clinics/clinical trials.  However, there have been few studies in healthcare that have 

investigated the optimal characteristics of a CAT.  The objective of my study was to 

investigate: 1) the psychometrics of an item bank measuring upper extremity (UE) 

disorders for CAT use, 2) how different testing procedures affect the ability estimates 

from CAT, and 3) whether CAT produce better ability estimates than a traditional static 

short assessment.  The psychometrics of the item bank developed by combining items 

from the Disabilities of the Arm, Shoulder and Hand and the Upper Extremity Functional 

Index were examined by confirmatory factor analysis, item response theory analysis, and 

differential item functioning (DIF) analysis across body part impairments (neck, 

shoulder, elbow, and wrist/hand).  Repeated-measures MANOVA was used to investigate 

the standard error (SE) and bias of ability estimates from CAT with different testing 



 

14 

procedures.  Structural equation modeling was implemented to examine the correlations 

between ability estimates from the full test and different CAT structures and the full test 

with a short form.  Further, paired-sample t test was performed to investigate the SE and 

bias of ability estimates from CAT and a static short form.  In general, the item bank was 

found essentially unidimensional, the generalized partial credit model fit to the data better 

than partial credit model and there was no significant DIF.  The ability estimates from 

CAT with expected a posteriori ability estimation method was found to be more precise 

and more comparable to those from full test than ability estimates derived from the 

maximum likelihood estimation.  Further, CAT had better precision, comparability to full 

test and sensitivity to detect change than a static short form.  The findings from this study 

suggest that UE CAT differ across estimations methods and are significantly better than a 

short form version. 
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CHAPTER 1 
METHODOLOGICAL ISSUES OF DEVELOPING A COMPUTERIZED ADAPTIVE TEST 

IN HEALTHCARE  

Introduction 

Health outcomes of an individual with upper extremity musculoskeletal disorders (UEMD) 

can be viewed as the interaction between body functions/structures, activities/participations, 

environmental, and personal factors.1, 2  Clinical researchers are increasingly moving beyond the 

impairment level, to evaluate the activities/participations aspect of treatment outcomes.  Self-

report outcome measures or patient-reported outcome (PRO) instruments3 are frequently used to 

evaluate activities/participations.  PRO assessments intend to measure patients’ health status and 

the effects of healthcare interventions based on patients’ perspectives.4  PROs have the potential 

benefits of monitoring treatment effects on patients’ daily activities/participations that are only 

known to the patients or providing information that can be overlooked during the clinical 

evaluation process.3, 5-9  One critical barrier to widespread use of PROs in clinical trials or 

routine clinical practice is the lengthy amount of time required to complete the assessments.10  

Therefore, in order to be applicable to research and clinical settings, respondent and 

administrator burden must be minimized.3, 4, 11, 12 

Creating a short form of an instrument is the traditional method of reducing 

respondent/administrator burden.4  However, the problem with a shortened measure is that it 

results in a loss of measurement precision.4  In contrast to a static short test, a computerized 

adaptive test (CAT) has the advantage of decreasing respondents’ and administrators’ burden 

with little measurement precision loss.  That is, a person’s ability can be measured precisely with 

relatively few items.13-18  These properties hold because the items administered by CAT are 

tailored to the individual’s ability level.19-22  Much evidence exists showing that CAT has been 

effectively utilized in education.  Thus, studies applying CAT in healthcare have emerged.  
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Several CATs have been produced to measure physical functioning,23-40 mental health41-48, and 

general health status.49-53  

A CAT requires a testing algorithm to control the evaluation process.  The testing 

algorithm is defined as “a set of rules specifying the questions to be answered by the examinee 

and their order of presentation”.54  The testing algorithm of a CAT involves three components: 1) 

item selection procedure, 2) ability estimation methodology, and 3) termination criteria.  Several 

alternative approaches are available for each of these components.  However, there is no 

consensus on the methodology used to develop CAT in healthcare.  This may be a function of 

lack of familiarity with available approaches and the impact of different methods on the 

development of CAT. 

To better understand and improve the process of CAT development, a literature review on 

the techniques involved in CAT could provide the critical background for future CAT studies in 

healthcare.  Thus, the purpose of this paper is to 1) discuss the critical methodological issues in 

the development of CAT, 2) summarize the present status of CAT studies in healthcare, and 3) 

propose the next critical studies needed to develop a CAT to measure upper extremity function. 

CAT Development 

Generally, there are two steps in the development of a CAT.  The first step is to create an 

item bank to measure a construct of interest.  The second step is to generate a CAT 

administration system.  In order to better understand the development of CAT, knowledge of the 

methodological issues involved in each step is necessary. 

Methodological Issues Related to the Item Bank Construction for CAT 

Computerized adaptive testing (CAT) is one of the important applications made possible 

by item response theory (IRT) methodology.20, 55  IRT satisfies challenges of adaptive testing 

through: 1) characterizing item variations in a useful way, 2) equating individual scores from 
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different items on a common scale, and 3) determining efficient rules for item selection.19, 20, 56-58  

These properties are derived from depicting the interaction between an examinee and an item in 

terms of item parameters and person ability parameter, which are independent of each other.56-60  

That is, the item parameter estimates, such as difficulty, discrimination, and guessing are 

independent of the particular examinees’ ability levels used in item calibration.20, 56-60  Likewise, 

the person ability parameter estimates are independent of the particular items administered to 

examinees.20, 56-60  Therefore, once an IRT model is fit to the data, each item’s characteristics can 

be fully specified by parameters.20, 56, 57  In addition, the item and ability scores are reported on 

the same scale even when different individuals answer different items on the test.58, 61 

In order to take full advantages of the IRT framework, an item bank must be built in which 

the data fits the IRT model and satisfies required assumptions.62  In general, the assumptions of 

IRT models include unidimensionality and local independence.62  Moreover, the item parameters 

should be invariant for all respondents, i.e., no items display differential item functioning 

(DIF).62 

Unidimensionality 

An item bank that is unidimensional necessitates that the items which comprise the item 

bank contribute to one construct, e.g., upper extremity function.  In order to measure a wide 

range of the ability continuum, the assumption of unidimensionality may be violated to some 

degree.57, 63, 64  Humphreys65 also pointed out that using strictly unidimensional tests leads to an 

increasing number of narrow tests with few items and low predictive validity.  Therefore, it is 

essential to know how the violation of the assumption of unidimentionaltiy affects the ability 

estimates generated from CAT. 

Several studies have investigated the impact of violating unidimensionality on the ability 

estimates from CAT.66-68  The findings showed that the influence of unidimensional violations on 
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CAT ability estimates was dependent on the characteristics of the items administered and the 

correlations of underlying dimensions.  For example, when the items administered reflected only 

one of the dimensions and the correlations between the dimensions were low, the ability 

estimates from CAT tended to represent only one of the dimensions.  However, if the items 

administered reflected multiple dimensions (e.g., items have high factor loadings on two factors), 

the ability estimates from CAT evenly represented the dimensions and items with relatively 

equal factor loadings on the dimensions were more likely to be selected in CAT.  Therefore, the 

ability estimates from CAT are robust to the assumption of unidimensionality when the 

underlying dimensions of the test are highly correlated or each item of the test evenly reflects the 

dimensions measured in the test. 

IRT modeling 

Rarely does a model perfectly reflect the data that it summarizes in the real world.69  

Therefore, it is essential to know to what extent lack of fit to an IRT model affects the ability 

estimates from the CAT.  While there are several studies on the impacts of model 

misspecification on the precision of measurement of dichotomous IRT models,69-80 studies on 

polytomous IRT models81 are relatively few.  Even fewer studies to date have considered the 

impact of alternative models on the precision of measurement in CAT.  De Ayala and 

colleagues82 simulated data from a linear factor analytic model to examine the impact of the 

violation of IRT models’ option characteristic curve assumption (non-linear model) on CAT.  

They found that the Graded Response Model (GRM), a 2-PL model for polytomous data, fit the 

data much better than the Partial Credit Model (PCM), a 1-PL model for polytomous data.82  

However, the results showed the PCM-based CAT with up to 45% misfitting items (based on fit 

statistics) was reasonably precise in estimating ability (correlation between ability estimates and 

true ability values was greater than 0.92).82 
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Haley and colleagues37 conducted a CAT simulation based on empirical data.  They found 

strong agreement between ability estimates of CAT and those of full test (ICC=0.94-0.99) even 

when 17% of items misfit the Rasch model (1-parameter logistic IRT model for dichotomous 

data).37  Kalohn and Spray83 studied the impact of incorrect models on classification decisions 

made from CAT.  They found an increase in false positive errors and an overall decrease in 

correct classifications when data simulated from 3-PL model was scaled to 1-PL model.83  Thus, 

the robustness of IRT model-data fit to CAT is inconclusive. 

Differential item functioning 

Differential Item Functioning (DIF) refers to the situation in which equally proficient 

examinees with different group memberships have a different probability of correctly answering 

an item.84  That is, the difference in the item performance between the examinees is due to an 

attribute other than what the test is intended to measure.85  For example, individuals from 

different ethnic groups perform differently in literacy because of cultural difference, which is not 

what the test intended to measure.  The occurrence of DIF represents a threat to test validity 

hindering score comparisons between groups and individuals.62  Because each examinee takes 

the same questions in a conventional test, the effect of DIF can be minimized in a conventional 

fixed length test.62  In contrast, since relatively few items are used in CAT, DIF can have 

relatively large impact on CAT.84  Therefore, one would expect that CAT results in more biased 

ability estimates when DIF occurs, i.e., underestimating or overestimating an individual’s ability, 

than the conventional full test.  However, it is unclear to what extent the precision of 

measurement is influenced by DIF.  So far, to our knowledge, no researchers have investigated 

the robustness of DIF in CAT application. 
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Methodological Issues Related to the Testing Algorithms of CAT System 

CAT begins with an initial estimation of a respondent’s ability (step 1 in Figure 1-1).  

Then, CAT selects the item from the item bank stored in the computer that is the most relevant to 

the provisional ability estimate (step 2 in Figure 1-1).  Based on the respondent’s answer (step 3 

in Figure 1-1), CAT refines the ability estimate (step 4 in Figure 1-1).  If the refined ability 

estimate satisfies the preset stopping rule (step 5 in Figure 1-1), the test will be terminated (step 6 

in Figure 1-1).  If not, steps 2 through 5 are repeated iteratively until the stopping rule is 

satisfied.  CAT proceeds to other tests in the battery after the current test is terminated (step 8 in 

Figure 1-1).  If no more tests exist in the battery, the testing will stop (step 9 in Figure 1-1).62  

Behind this testing logic is an algorithm, involving ability estimation methods, item selection 

criteria, and stopping rules.22, 86  Several alternatives of ability estimation methods, item selection 

criteria, and stopping rules can be used in CAT. 

Types of ability estimation methods 

The ability estimation methods affect not only the final ability estimates of CAT, but the 

initial ability estimates, subsequent item selection, and test termination.86  Therefore, the 

selection of a certain ability estimator can have a significant impact on the efficiency and 

precision of CAT results.  The ability estimation methods available in the implementation of 

CAT include Maximum Likelihood Estimation (MLE), Warm’s Weighted Likelihood Estimation 

(WLE) and Bayesian procedures, such as maximum a posteriori (MAP) and expected a posteriori 

(EAP) estimation.86, 87  Among these ability estimators, MLE and EAP are two commonly used 

ability estimation methods in CAT for polytomous IRT models.88  However, there is no 

conclusive evidence regarding which ability estimator is most effective.  Other factors, such as 

item selection criteria, item bank characteristics, and whether or not examinee’s background 
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information is used for ability estimation can influence the decision of which ability estimator is 

the best choice.86, 89, 90  

Maximum likelihood estimation method: The maximum likelihood estimation (MLE) 

method formulates a likelihood function that gives the likelihood of the observed response 

pattern as a function of ability (Equation 1-1).87, 90   

1
( ) ( )

n

i i
i

L u P uθ θ
=

=Π          (1-1) 

where ( )i iP u θ is the probability of getting response iu on item i given the examinee’s true ability 

θ after n number of items have been answered, ( )L u θ  represents the likelihood of individuals 

with ability θ having the response pattern u, and 
1

n

i=
∏ stands for the product of ( )i iP u θ .90  The 

ability estimate is the value of ability that maximizes the likelihood function for a particular 

answering pattern.87, 90  One major limitation of the MLE estimator is that an examinee’s ability 

cannot be estimated when all items have been answered correctly or incorrectly (i.e., all items are 

correct or all items are incorrect).87  In addition, MLE has a larger standard error of ability 

estimate in comparison to EAP ability estimation (Table 1-1).90-92  Although MLE is less biased 

than EAP, MLE tends to overestimate the ability level of individuals at the higher end of the 

ability continuum and underestimate the ability of individuals at the lower end of the ability 

continuum.90-92 

Expected a posteriori estimation method: Expected a posteriori (EAP) estimation is one 

of the Bayesian ability estimation approaches which maximize the posterior density of ability 

distribution, given examinee’s item response.93  In the EAP approach, the mean of the posterior 

ability distribution is the ability estimate and the standard deviation of the posterior ability 

distribution is the standard error of the ability estimate.86, 90, 93  In contrast to MLE which relies 
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on the data alone, the Bayesian approaches take into account prior information about the ability 

distribution.86, 90, 93  Without definite information about the population’s ability distribution, it 

typically incorporates a standard normal distribution into the likelihood distribution of the 

responses to obtain the posterior ability distribution.90  Compared to MLE, EAP is less 

cumbersome in terms of computation,93 can avoid nonconvergent ability estimates87 and 

produces smaller standard error of ability estimates.90-92  The disadvantage of EAP is that the 

ability estimates tend to regress toward the prior mean, resulting in large bias at the extremes of 

the ability continuum (Table 1-1).90-92 

Types of item selection criteria 

The item selection procedures used in CAT allow the test to adaptively administer items 

according to the respondent’s ability estimate.62, 87  The item selection criteria are utilized in two 

stages of CAT.  One is selecting the first item to start the CAT and the other is selecting 

subsequent items after an item has been answered.  While several item selection criteria are 

available in the implementation of CAT, administering the item providing greatest information at 

the current ability estimate is widely used with polytomous IRT models.88  Selecting items based 

on maximum item information criteria can maximize the sum of item information across a set of 

items administered to an examinee, i.e., maximize test information.19  As a result, administering 

the most informative items to a respondent can produce the most precise ability estimate.19 

The disadvantage of using maximum item information criterion is that the chosen item 

maximizes the information at the current ability estimate, instead of the true ability.  Therefore, 

when the ability estimate differs considerably from the true ability, such as with the ability 

estimate at the beginning of CAT, this item selection criterion can result in a biased ability 

estimate.94  Several alternatives have been proposed to take the uncertainty of the ability estimate 

into account, such as item selection based on average global information94 or with maximum 
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interval information.95  However, van Rijn, Eggen, Hemker, and Sanders96 found that selecting 

an item based on maximum interval information or based on maximum item information did not 

make a significant difference in the generation of ability estimates.  This result might be because 

as more items are administered, the initial uncertainty of the estimate is overcome.  In addition, 

other factors, such as ability estimators and stopping rules had greater effects on the ability 

estimates from CAT than item selection approaches.95, 97  Therefore, instead of considering item 

selection criteria alone to decide the CAT algorithm, it appears the ability estimators and 

stopping rules are more important factors to consider. 

Types of stopping rules 

An important characteristic of CAT is that testing is continued until a pre-specified degree 

of precision is achieved.22  Depending on the purpose of the test (e.g., how precise ability 

estimates are required for the purpose of the test), several stopping criteria can be applied in 

CAT.22, 54  The main stopping rules used in CAT can be classified as static or dynamic stopping 

rules.88  The static stopping rule is to terminate a test when the examinee answered the minimum 

or maximum number of items required by the CAT system.88  In other words, the static stopping 

criteria of CAT results in a fixed length test. 

The dynamic stopping rules include minimum information stopping rule and standard error 

(or confidence interval) stopping rule.88  The minimum information stopping rule ends the CAT 

when none of the remaining items have a pre-specified minimum level of information given the 

current ability estimate.88  The standard error stopping rule terminates CAT when the standard 

error of the current ability estimate falls below the preset level.54, 88  Studies have shown that the 

standard error stopping rule leads to more efficient and precise ability estimates than the 

minimum information stopping rule in CAT with polytomous IRT models.98, 99  Thus, CAT 
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favors the standard error (confidence interval) stopping rule as opposed to the minimum 

information stopping rule. 

Weiss21 noted that terminating CAT by static stopping rule will not result in equiprecise 

measurement (equal measurement precision across the entire measurement continuum), since the 

standard error of measurement does not decrease at the same rate for all parts of the 

measurement continuum.  In other words, varied numbers of items are required for different 

persons’ ability estimates to achieve the same level of precision.  Therefore, to obtain the 

maximum advantages of CAT (e.g., resulting in a equiprecise measure), neither a fixed test 

length nor a time limit should be imposed as the termination criteria.21  Moreover, compared to 

the static stopping criterion, the dynamic stopping rule generally results in more efficient use of 

item bank in terms of item exposure (Table 1-2).56 

CAT Studies in Healthcare and Next Critical Step of CAT Studies in Healthcare  

In general, present CAT studies in healthcare have investigated how CAT improves the 

measurement precision and efficiency in samples of children, adults, older adults or individuals 

with certain disease or symptoms (e.g., mental health problems,42-48 cerebral palsy,100 

osteoarthritis,101 low back pain,53 joint-specific impairments,29-31 etc).  The majority of CAT 

studies have been conducted with real-data simulations to examine measurement properties of 

CAT compared to the full test.  That is, simulating the situation that occurs when respondents 

take a CAT by using existing data and assuming that the respondents would have answered the 

items administered by the CAT identically to how they answered those items when administered 

by the full test.  Overall, the studies found CAT improved the test efficiency (required much 

fewer items) while reaching a level of precision that was comparable to the full test (Table 1-3).  

For example, on average about 6 items were administered with standard error of ability estimates 

around 0.3 (corresponding to reliability 0.9) and the ability estimates from CAT were highly 
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correlated with those from the full test (r>0.9).29  Recently, there is a trend to investigate the 

measurement prosperities of CAT in live testing situations, i.e., applying CAT to real people in 

clinical settings.36, 38-40, 44, 46, 47, 102  These studies found CAT was efficient (on average 6 or 7 

items were needed), able to differentiate individuals with different health conditions, and highly 

correlated with other instruments measuring the same construct (Table 1-3).  For instance, the D-

CAT (Computer Adaptive Test for Depression), on average, administered 6 items and had 

moderate to high correlations (0.68 to 0.77) with other assessments measuring depression.47 

Despite the fact that CAT may revolutionize the evaluation system in healthcare, only one 

study has investigated the feasibility of CAT in measuring physical function for individuals with 

shoulder impairments.31  Since various upper extremity disorders hinder individuals’ 

performance and participation in daily activities, it is essential to develop a CAT measuring 

upper extremity function for individuals with upper extremity disorders, not only shoulder 

impairments.  The purpose of present study was to 1) examine the psychometric characteristics 

of an item bank measuring upper extremity function across different upper extremity disorders, 

2) investigate the impact of testing algorithms on measurement properties of CAT, and 3) 

compare the measurement prosperities of CAT to those of a traditional static short assessment. 
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Figure 1-1 Flowchart describing the logic of computerized adaptive testing (CAT). [Adaptive 
version of Figure 5.2 from Wainer62 (Page 106) with permission from the Taylor & 
Francis.] The dashed area indicates several alternate algorithms are available for the 
implementation of CAT.  

1. Start with initial ability estimate (e.g., 0) 

Computerized Adaptive Testing Logic 

2. Select & display most informative item  3. Observe & Evaluate 
Response 

4. Revise ability 
estimate 

5. Is stopping 
rule satisfied? 

No 

6. End 
of test 

7. End of 
battery? 

8. Administer 
next test 

9. Stop 

No 

Yes 

Yes 
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Table 1-1.  Comparisons of ability estimation methods 
Ability estimation methods Advantages Disadvantages 
Maximum likelihood estimation  Less biased ability estimates than EAP Noconvergent ability estimates 
(MLE)   Larger standard error of ability estimates 
Expected a posteriori estimation  Avoid nonconvergent ability estimates  More biased ability estimates than MLE 
(EAP) Smaller standard error of ability estimates   

 
 
Table 1-2.  Summary of CAT stopping criteria 

Types Methods Descriptions Comparisons 

Dynamic 

Standard Error 
stopping criterion 

A test stops when the standard 
error of current ability estimate is 
smaller than the preset one 

Equiprecise measurement is achievable 
More efficient use of item bank 
More efficient and precise ability estimates than 
minimum information stopping criterion 

Minimum 
information 
stopping criteria 

A test stops when no remaining 
items have a pre-specified 
minimum level of information at 
the current ability estimate 

Equiprecise measurement is achievable 
More efficient use of item bank 
Less efficient and precise ability estimates than 
standard error stopping criterion 

Static 
Minimum/maximum 
number of items 
stopping criteria 

A test stops when the minimum or 
maximum number of items have 
been answered 

Equiprecise measurement is not achievable 

Less efficient use of item bank 
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Table 1-3.  Review of computerized adaptive testing studies in healthcare 
First 
author 
(Year) 

Instrument Item Bank Characteristics CAT Algorithms Results Examining 
CAT 
algorithms Item bank 

size 
Dimensionality IRT 

model 
DIF Ability 

estimator 
Item selection Stopping rules 

Bjorner 
(2003)49 

HIT 47 items Unidimensional: 
eliminating 
items violating 
local 
independence 

GPCM Insignificant EAP Maximum 
information 

Fixed length: 5 
items 

Correlation 
between full 
test and 
CAT scores 
was 0.92 

No 

Gardner 
(2004)43 

BDI 21 items Unidimensional: 
one-factor 
model fit the 
BDI data 
adequately 

GRM Unknown Unknown Maximum 
information: 
selecting the 
first item 
that provides 
most 
information 
at the 
population 
mean 

Dynamic: 
average 5.6 
items, but no 
information of 
which dynamic 
stopping 
criterion was 
used  

BDI-CAT can 
diagnosed 
major 
depression 
as accurate 
as BDI full 
test; BDI-
CAT score 
had high 
correlation 
with BDI 
full test 
(r=.92) 

No 

Haley 
(2004)25 

AM-PAC Physical & 
movement: 
101 items; 
personal care 
& 
instrumental 
activity: 56 
items; 
Applied 
Cognition: 
46 items 

Unidimensional 
for physical & 
movement, 
personal care 
& instrumental 
activity, and 
applied 
cognition 
dimension 

 

PCM  2 and 7 items 
for personal 
care & 
instrumental 
activity and 
applied 
cognition, 
respectively 

 

MLE Maximum 
information 

Fixed length: 6 
or 10 items 

High 
agreement 
between 
CATs and 
full test 
(r>.90) 

No 

Haley 
(2005)37 

PEDI: 
mobility 

59 items Unidimensional Rasch 9 items WML Maximum 
information 

Dynamic: either 
precision 
standard is 
reached or 15 
items at the 
maximum 

High 
agreement 
between 
CAT and 
full test 
(r=.98) 

No 
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Table 1-3.  Continued 
Haley 
(2006)35 

PEDI: 
physical 
functioning 

Self-care:   
119 items; 
Functional 
Mobility: 
156 items 

Unidimensional 
for each domain 
(U-CAT) or 
multidimensional 
for both domains 
(M-CAT) 

Rasch* Insignificant 
DIF 

Bayesian 
modal 
estimation 

Maximum 
information 

Fixed length: 
3, 5, 10, and 
15 items 

Both U-CAT 
and M-CAT 
were highly 
correlated 
with full test. 
M-CAT was 
more 
efficient than 
U-CAT. 

No 

Coster 
(2008)102  

PEDI: self-
care, social 
function 

Self-care: 
73 items; 
social 
function: 
65 items 

Both are 
unidimensional 

Rasch 1 and 16  
items for 
self-care and 
social 
function, 
respectively 

WML Maximum 
information 

Fixed length: 
15 items 

High 
agreement 
between 
CAT and 
full test 
(r=.94 - .99) 

No 

Hart 
(2006)31 

SFS 37 items Unidimensional  RSM Insignificant MLE Maximum 
information 

Dynamic: 
standard 
error 

Average 6 
items in 
CAT and 
high 
agreement 
with full test 
(r=.96) 

No 

Hart 
(2006)30 

LFS 25 items Unidimensional RSM Insignificant MLE Maximum 
information 

Dynamic: 
standard 
error 

Average 7 
items in 
CAT and 
high 
agreement 
with full test 
(r=0.96) 

No 

Petersen 
(2006)52 

EORTC 
QLQ-C30 

12 items Multidimensional: 
physical 
functioning, 
emotional 
functioning, 
fatigue scale 

MNO DIF across 
translations, 
9 translation 
version CAT 
were 
developed 

EAP Maximum 
information 
and random 

Dynamic: 3 
levels of 
precision 

Fixed – stop 
at 5 or 7 
items 

High 
correlation 
between 
CAT and 
full test for 
all CAT 
procedures, 
but random 
selection had 
the lowest 
correlation 

Comparing 
different 
item 
selections 
and 
stopping 
rules 
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Table 1-3.  Continued 
Fliege 
(2005)45 
(2009)47 

D-CAT 64 items Unidimensional GPCM Insignificant EAP Maximum 
information 

Dynamic: 
standard 
error 

Real data simulation: 
high agreement with 
full test (r=.95), and 
other depression 
measures45; live 
testing: average 6 
items and correlations 
with other depression 
measures ranging from 
0.68 to 0.7747. 

No 

Walter 
(2007)44  

A-CAT 50 items Unidimensional GPCM All but one 
insignificant 

EAP Maximum 
information 

Dynamic: 
standard 
error 

Real data simulation: 
CAT highly correlated 
with full test and other 
anxiety test. Live 
testing: correlation 
between A-CAT and 
other anxiety test is 
lower than simulation.  

No 

Becker 
(2008)46 

A-CAT 50 items Unidimensional GPCM All but one 
insignificant 

EAP Maximum 
information 

Dynamic: 
standard 
error 

Live testing: average 6 
items, A-CAT 
moderately correlated 
with other anxiety 
measures, and A-CAT 
discriminate diagnostic 
groups better than 
other anxiety measures 

No 

Kocalevent 
(2009)48 

Stress-
CAT 

Stress 
exposure: 
38 items; 
stress 
reaction: 
31 items 

Both are 
unidimensional 

GPCM Insignificant EAP Maximum 
information 

Dynamic: 
standard 
error 

Average 7 and 12 items 
for stress reaction and 
stress exposure, 
relatively; both had 
high correlation with 
full test.  

No 
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Table 1-3.  Continued 
Haley 
(2006)26 

PF 124 items Unidimensional GPCM Insignificant 
DIF 

EAP Maximum 
information 
or random 

No specific 
stopping 
rules but 
generating 
score 
estimates 
and standard 
errors up to 
40 items 

CAT had higher 
correlation with 
full test than 
random selection 
especially when 
the test is short 
(e.g., 5 or 10 
items) 

Comparing 
either 
selecting 
items with 
maximum 
information 
or at random 

Elhan 
(2008)53 

LBP-CAT Body 
functions: 33 
items. 

Activity-
Participation
: 49 items 

Unidimensional 
for each 
component 

PCM Insignificant 
DIF for body 
functions; 1 
item form 
activity-
participation 
displayed 
DIF. 

MLE maximum 
information 

Dynamic: 
standard 
error 

On average, 19 
and 14 items were 
needed for body 
functions and 
activity-
participation, 
relatively. CAT 
score for each 
dimension had 
high correlation 
(r>.97) with full 
test. 

No 

Jette 
(2008)36 

Late-Life 
FDI 

Function 
component: 
32 items; 

Disability 
component: 
11 items. 

Both are 
unidiemnsional 

Rasch 1 item of 
function 
scale 
displayed 
DIF. No 
item 
displayed 
DIF in the 
disability 
scale. 

WML Maximum 
information 

Fixed length: 
5, 10, and 15 
items. 

Real data 
simulation: high 
correlation with 
full test (r>.9); 
discriminating 
older adults’ 
mobility 
limitations well. 
Live testing: on 
average, 2.5 
minutes was 
needed and CAT 
estimates were 
highly correlated 
with full test. 

No 

Tucker 
(2009)34  

PODCI-
upper 
extremity 
scale 

49 items Unidiemsional PCM 1 item 
displayed 
DIF across 
type of CP. 

WML Maximum 
information 

Fixed length: 
5, 10, and 15 
items. 

CATs were highly 
correlated with 
full test and able 
to discriminate 
different types of 
CP.  

No 
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Table 1-3.  Continued 
Hart 
(2005)29 
Hart 
(2008)38-40 

LEFS 18 items Unidiemnsional RSM CAT for each body 
part (hip, knee, 
foot/ankle)   

MLE Maximum 
information 

Dynamic: 
standard 
error 

Average 6 items for 
each CAT and high 
agreement with full 
test (r= .97). Live 
testing for Hip-CAT, 
Knee-CAT, and 
Foot/Ankle-CAT 
showed on average 7 
items could achieve 
desired precision with 
negligible ceiling or 
floor effects except 
hip-CAT had slight 
ceiling effect. 
Moreover, these CATs 
could differentiate 
patients in clinically 
logical way (e.g., 
exercise history, 
symptom acuity, 
surgical history, age 
group or comobidities)  

No 

Note: CAT: Computerized Adaptive Testing; IRT: Item Response Theory; DIF: Differential Item Functioning; HIT: Headache Impact Test; GPCM: Generalized 
Partial Credit Model; EAP: Expected A Posteriori estimation method; BDI: Beck Depression Inventory; GRM: Graded Response Model; AM-PAC: Activity 
Measure for Post-Acute Care; PCM: Partial Credit Model; MLE: Maximum Likelihood Estimation; PEDI: Pediatric Evaluation of Disability Inventory; WML: 
Weighted Maximum Likelihood Estimation; U-CAT: unidimensional computerized adaptive test; M-CAT: multidimensional computerized adaptive test; *: 
unidimensional and multidimensional Rasch analyses through the multidimensional random coefficients multinomial logit mode; RSM: Rating Scale Model; 
SFS: Shoulder Functional Status; LFS: Lumbar Spine Functional Scale. ; EORTC QLQ-C30: The European Organization for Research and Treatment of Cancer 
Quality of Life Questionnaire; D-CAT: computer-adaptive test for depression A-CAT: computer- adaptive test for anxiety; Stress-CAT: computerized adaptive 
test for stress perception; MNO: Multidimensional Normal Ogive Model; PF: Physical Functioning; LBP-CAT: computerized adaptive testing for measuring 
disability in patients with low back pain; Late-Life FDI: Late-Life function and Disability Instrument; PODCI: Pediatric Outcomes Data Collection Instrument. 
CP: Cerebral Palsy; LEFS: Lower Extremity Functional Scale. 
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CHAPTER 2 
EXAMINING ITEM BANK CHARACTERISTICS FOR A COMPUTERIZED ADAPTIVE 

TEST OF UPPER EXTREMITY FUNCTION 

Introduction 

Upper extremity musculoskeletal disorders (UEMD) are common problems in society 

today.  A recent study estimated the prevalence of self-reported upper extremity problems in 

various occupations in the United States to range from 30% to 53%.103  Because upper extremity 

function is vital to individuals’ daily interaction with their environment, UEMD result in 

limitations in people’s ability to perform self-care, work, and recreation.  It has been reported 

that about 66 million days of restricted activity per year are associated with upper extremity 

impairments.104  In addition, almost 24 million visits to a physician for UEMD occur each year in 

the U.S. with costs estimated close to $19 billion.104 

To monitor the effectiveness of interventions for UEMD, measurement of treatment 

outcomes is essential.  Traditionally, therapists and clinicians have used impairment measures 

such as muscle strength, sensation, and range of motion (ROM) as indicators of treatment 

effectiveness.2, 105, 106  More recently, there have been efforts to develop measures, beyond the 

impairment level, assessing an individual’s functional outcomes.  This is because impairment 

status is only moderately correlated with functional status.  Thus, an impairment measure is 

insufficient to provide holistic outcomes.107, 108  Moreover, Medicare and insurance companies 

are more concerned with functional outcomes resulting from rehabilitation services.109  In 

general, a functional assessment used to evaluate a person’s activity level can be administered 

via performance or patient report.  Researchers have acknowledged that applying patient-

reported outcome (PRO) instruments to clinical trials can provide information about treatment 

effects, e.g., pain relief, only known to the patients.3, 5-9  While the use of multiple methods of 

evaluation may be ideal to obtain a thorough view of patient functioning, use of lengthy 
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assessment batteries is impractical both in research and clinical settings.  Lengthy assessments 

are impractical in clinical trials or clinics because it increases researchers’, administrators’, and 

respondents’ burden.  Therefore, it has been recommended that an outcome measure be not only 

reliable and valid, but efficient for research and clinical use.11, 12 

Computerized adaptive testing (CAT) based on an item response theory (IRT) framework 

has been used effectively in education settings to develop tests which are both short and precise.  

Due to these promising results in education, researchers have suggested applying CAT to 

assessment in healthcare.13, 15-18, 110, 111  Grant funding agencies have recognized the advantages 

of CAT and have made available considerable funding for research on the application of CAT in 

healthcare settings.  For example, Centers for Medicare & Medicaid Services (CMS) has called 

for studies testing the feasibility of using a computerized adaptive data-collecting method with 

various patients and settings.112  Moreover, National Institute of Health (NIH) has funded the 

Patient Reported Outcomes Measurement Information System (PROMIS) with the goal of 

developing CAT based PROs for clinical trials.113  This level of interest has produced several 

CATs in healthcare in the area of physical functioning,23-33, 38, 39, 114 mental health42-48, and 

general health status.50, 51, 115  

The appeal of computerized adaptive testing (CAT) as an alternative to traditional paper-

and-pencil measures is that a person’s ability can be measured precisely with relatively few 

items.13-16, 18  For example, administering 6-10 items, CAT can achieve precision comparable to 

the full test.23, 25, 29-31, 37, 50  These properties hold because the items administered in CAT are 

tailored to individual’s ability level.19-22  This unique feature of CAT necessitates a high quality 

item bank.62 
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A high quality item bank covers a wide range of ability on the trait the test intends to 

measure.  Therefore, usually a relatively large item bank is required for CAT application.62, 110  

Urry55 suggested an item bank with at least 100 dichotomous items.  Ree116 concluded that at 

least 200 items calibrated on 2,000 examinees for a 3-PL model were required to obtain precise 

and accurate ability estimates.  Dodd, Koch and De Ayala98 found 30 polytomous items in a 

partial credit model were sufficient for CAT.  However, building large item banks is both time-

consuming and resources demanding.110  An alternative to developing new item banks is to pool 

items from existing assessments that have sound psychometrics.  A number of healthcare 

researchers have developed item banks for CAT application by pooling items from several 

assessments, e.g., measuring physical functioning, anxiety, depression, headache impact, etc.30, 

44, 45, 49 

Requirements for examining an item bank include: 1) IRT model assumptions (e.g., 

unidimensionality, local independence, monotonicity), 2) IRT model fit, and 3) differential item 

functioning (DIF).117, 118  The overall purpose of this investigation is to develop an item bank 

measuring upper extremity function.  An item pool will be generated by combining upper 

extremity functional items from the Disabilities of the Arm, Shoulder, and Hand (DASH) 

outcome questionnaire and the Upper Extremity Functional Index (UEFI).  The following 

psychometrics will be investigated.  First, this study will investigate the unidimensionality (one 

critical IRT model assumption) of this item bank, i.e., whether all items contribute to one 

construct measuring upper extremity function.  Second, IRT model fit to the data will be 

examined and item analysis will be performed to obtain the item parameter estimates for CAT.  

Third, DIF across different body part impairments involving the upper extremity will be 

examined. 
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Methods 

Sample 

Data were obtained from Focus on Therapeutic Outcome, Incorporated (FOTO, Inc.).  

FOTO provides evaluation packages to monitor the functional outcomes of outpatient 

populations in rehabilitation.119  Data from over one million patients from the FOTO, Inc. 

databases have been made available for research purposes.119-121  The Disabilities of the Arm, 

Shoulder, and Hand (DASH) outcome questionnaire and the Upper Extremity Functional Index 

(UEFI) were two of the assessments on the Patient Inquiry computer software from FOTO, used 

for routine data collection.  Since the data were collected from the clinics which participate in 

FOTO for purposes of outcomes reporting, the sample used in this study represents a 

convenience sampling.  This study was approved by the Institutional Review Board (IRB) at the 

University of Florida. 

Six hundred and fifty-one individuals with upper extremity musculoskeletal disorders from 

various outpatient clinics throughout the United States completed both the DASH and the UEFI.  

These individuals completed the DASH and the UEFI at the initial evaluation when seeking 

rehabilitation.  The average age of these participants was 47.4 ± 13.8.  About forty-nine of these 

individuals were female.  Most of these participants (91.5%) had the upper extremity 

musculoskeletal disorders within twenty-one days of evaluation.  About half of these study 

participants had no surgical history.  These individuals most commonly experienced shoulder 

impairments followed by cervical impairments.  Most data were collected from the region of 

North Central and South Atlantic United States (Table 2-1). 

Assessments 

The DASH is one of the most widely studied PRO instruments measuring upper limb 

function.  The DASH was developed by the American Academy of Orthopedic Surgeon 
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(AAOS), the Council of Musculoskeletal Specialty Society (COMSS) and the Institute for Work 

and Health (Toronto, Ontario).122  It was designed to measure impairment (including symptoms), 

activity limitations and participation restrictions imposed by single or multiple disorders in the 

upper limb from the patient’s point of view.122  The items were generated by reviewing existing 

upper extremity function scales under the framework of the International Classification of 

Impairments, Disabilities, and Handicaps (ICIDH) developed by the World Health Organization 

(WHO)(now referred to as the International Classification of Functioning, Disability, and Health 

– ICF).122  The final version of DASH consists of thirty primary items measuring symptoms, 

physical, and psychosocial functioning and four optional items measuring the impact of upper 

extremity disorder on work, playing a sport/instrument.123, 124  Each item has five response 

categories with rating scales that address amount of difficulty (i.e., 1= no difficulty, 2= mild 

difficulty …) or agreement (1=strongly disagree, 2= disagree …) depending on the wording of 

the question. 

There are over 47 studies documenting the psychometrics of the DASH.125-132  The 

measurement properties of the DASH have been investigated with samples consisting of 

individuals with a variety of upper extremity impairments.133  In general, the DASH has been 

shown to have good test-retest reliability (Intraclass correlation coefficients (ICCs) based on 

Shrout and Fleiss (2,1) model>0.9),134, 135 internal consistency (coefficient alpha >0.9),134 

concurrent/discriminant validity (high correlation with other UE physical function measures: 

r>0.7; low correlation with mental function: r=.38),135, 136 and has been shown to be sensitive in 

monitoring change.128, 129, 135-140  

In contrast, the UEFI is a newer and less popular UE PRO measure.  The UEFI was 

developed by Stratford, Binkley, and Stratford141 to measure upper extremity function across 
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diverse upper limbs musculoskeletal disorders.  Similar to the DASH, items of the UEFI were 

generated using the WHO’s ICIDH model as the framework, reviewing existing questionnaires, 

and incorporating patients’ and physical therapists’ input.141  The UEFI consists of twenty items 

measuring activities involving upper extremity such as grooming hair, laundering clothes, etc.141  

Each item is rated on a 5-point scale: 0= extreme difficulty or unable to perform activity, 1=quite 

a bit of difficulty, 2=moderate difficulty, 3=a little bit of difficulty, and 4=no difficulty.141  

Compared to the DASH, fewer studies have investigated the psychometrics of the UEFI.  

The UEFI has been shown to have high internal consistency, test-retest reliability (ICC=0.94 and 

0.95 respectively), and concurrent validity (moderately correlated with other upper extremity 

assessment).141  Moreover, Razmjou143 found the UEFI more responsive than other regional or 

disease-specific measures of shoulder impairment, such as the American Shoulder and Elbow 

Surgeons (ASES) standardized shoulder assessment, Rotator Cuff- Quality of Life (RC-QOL), 

and the Western Ontario Rotator Cuff (WORC) index.  The UEFI has comparable 

responsiveness to the DASH132 and Upper Extremity Functional Scale (UEFS)141 in measuring 

upper extremity function. 

For purposes of this study, items reflecting the Activity dimension of the ICF model (the 

final modification of the ICIDH2) were selected from the DASH (20 items) and UEFI (19 items) 

for the final item bank examination.  This included items related to self-care activities of daily 

living (ADLs) and instrumental activities of daily living (IADLs) (e.g., transportation, finance 

management).144  The items, sexual activities, from the DASH and sleeping from the UEFI were 

excluded from the final item bank, since these activities do not primarily involve upper-extremity 

function.  To make the values of the response categories consistent, the values of the DASH 

physical function items were reverse coded to match that of the UEFI (changed to 1 – 5) in the 
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final item bank investigation.  Therefore, the final item bank used in the data analysis consisted 

of thirty-nine items evaluating upper extremity related activities with five response categories 

from 1, representing unable or extreme difficulty, to 5, representing no difficulty (Table 2-2). 

Data Analysis 

Dimensionality 

Confirmatory factor analysis (CFA) of ordered categorical (ordinal) data was used to test 

the hypothesis that items of the item bank measured one latent trait.  The weighted least square 

estimation with robust standard errors and mean-, variance-adjusted chi-square test statistic 

(WLSMV) was implemented in Mplus 4.21.145  The CFA model used in the present study is 

equivalent to the graded response model (GRM).  Since the chi-square statistics are usually 

influenced by the sample size of the study,146 additional goodness of fit (GOF) indices, such as 

Standardized Root Mean Squared Residual (SRMR), Comparative Fit Index (CFI), Tucker-

Lewis Index (TLI), and Root Mean Squared Error with Approximation (RMSEA) were used to 

determine the structural equation model of the data.  The criteria of fit indices used to determine 

the model-data fit included the SRMR below 0.09, CFI and TLI above 0.95, and RMSEA below 

0.06.147  In addition, the residual correlation between items was used to examine local 

independence of items.  The items with residual correlations higher than 0.25 were subject to 

deletion.49  Eigenvalues were obtained by implementing exploratory factor analysis with 

polychoric correlations in Mplus 4.21145 to further investigate the model. 

Item response theory analysis 

Polytomous IRT models that were used in this study were the 2-parameter logistic (2-PL) 

model (Generalized Partial Credit Model (GPCM))148 and 1-parameter logistic model, (Partial 

Credit Model (PCM)149).  Based on the GPCM, the probability of a person’s responding in a 

certain category of an item given an amount of ability can be expressed as 
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where θ  represents person ability, iα  refers to item slope parameter and ijδ  stands for step 

difficulty.148, 150, 151  According to the PCM, the probability of a respondent answering a category 

of an item can be expressed as 
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where θ  represents person ability and ijδ  stands for step difficulty.88, 149-156  Referring to 

Equation 2-1 and Equation 2-2, the PCM without a slope parameter is a simpler model nested in 

the GPCM. 

This study applied GPCM and PCM to IRT model-data fit and model comparison since the 

PCM is the nested model of GPCM (only the simpler model nested in the more complex model 

can be used in model comparison methods157).  Chi-square test statistics with significant level at 

0.05 obtained from the PARSCALE158 were applied to evaluate the extent to which polytomous 

IRT model fit the ordinal data.  Model comparison was also used for IRT model selection.  The 

rational is that if the simpler model (e.g., PCM) fits to the data as well as the complex model 

(e.g., GPCM), the simpler model would be selected for item and person parameter estimation.  

Otherwise, the more complex model would be chosen for item estimation and person ability 

estimation.  In addition to overall model fit to the data, item fit statistics were used to further 

assess which items displayed misfit. 
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Differential item functioning 

Ordinal logistic regression (proportional odds model) was used to determine differential 

item functioning (DIF) across body part impairment groups (neck, shoulder, elbow, and 

wrist/hand).  If an item displays DIF, it implies that item favors one group over another even 

though individuals with different group members have same level of underlying ability.84, 159  In 

general, DIF can be classified as uniform DIF and nonuniform DIF.160  While uniform DIF exists 

when an item constantly favors one group along the ability continuum, non-uniform DIF occurs 

when an item favors one group at certain levels of ability and the other group at other levels of 

ability.160-162  DIF was tested by examining the relationship between each item and group 

membership at an ability level estimated from all items.  The proportional odds model (POM) is 

sometimes also referred to as the cumulative logit model.163  The equation of POM for DIF 

analysis can be expressed as  
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where 
)(
)(
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>
≤  represents the odds of a person endorsing category j and below (in this study, 

j=1, 2, …,5) for an item.  Tot represents the person ability score which was obtained from the 

expected a posteriori (EAP) ability estimation method in this study.  Group represents the 

impairment groups which were neck, shoulder, elbow, and wrist/hand in this study.  Tot*group 

represents the interaction between person ability score and impairment groups. 

Whether an item shows significant DIF can be identified by using model comparisons.  

That is, comparing the full model (Equation 2-3) to the simpler model (Equation 2-4) 
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If the full model of an item fit to the data significantly better than the simpler model, this item 

will be determined as showing significant DIF.164  The aforementioned model comparison 

method is used to examine whether an item exhibits uniform DIF and non-uniform DIF 

simultaneously.  However, the uniform and non-uniform DIF can also be tested separately by 

similar model comparison.  If an item exhibits only non-uniform DIF, the results of comparing 

full model (Equation 2-3) to the simpler model (Equation 2-5) will show that the full model 

(Equation 2-3) fit to the data significantly better than the simpler model (Equation 2-5). 
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Likewise, if the results of comparing the Equation 2-5, more complicated model, to Equation 2-

4, simpler model, shows that the model of Equation 2-5 fit the data significantly better than the 

model of Equation 2-4 for an item, this item can be identified as showing uniform DIF.164  The 

criteria for flagging an item displaying DIF are the p ≤0.01 of the chi-square test in logistic 

regression model comparison and the Zumbo-Thomas effect size (Nagelkerke pseudo-

2R difference ( ∆ - 2R ))≥0.130.164  The Nagelkerke pseudo- 2R  is expressed as  
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where )(ML  represents the conditional probability of the dependent variable given the 

independent variables, InterceptM  represents the model without predictors, and FullM  represents 

the model with predictors. 
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Results 

Dimensionality 

The results of the chi-square test for the one-factor model showed that the data failed to fit 

the one-factor model ( 725.22182 =χ , degrees of freedom (DF) = 84, and p<0.0001).  The GOF 

index showed that SRMR was 0.071, CFI was 0.802, TLI was 0.974, and RMSEA was 0.198.  

Only the SRMR and TLI satisfied the criteria.  There was one residual correlation greater than 

0.25, i.e., the residual correlation between the write item and turn a key item (0.269).  However, 

removing these two items, write, and turn a key, from the item bank did not improve the overall 

fit of the one-factor model.  There were four factors with eigenvalues greater than one, 26.189, 

2.136, 1.325, and 1.094.  However, the overall variances explained by one-factor were 

substantially high (69.16%).  In addition, the factor loading of each item was greater than 0.4 

(Table 2-3).  In summary, since the percentage of the overall variances accounted for by the one-

factor model was high, the value of factor loadings was large, the SRMR and TLI of the GOF 

indices were acceptable, and removing items with high residual correlation did not improve the 

model-data fit, we concluded that these thirty-nine items measured one latent trait, upper 

extremity function. 

Item Response Theory Analysis 

Although a one-factor model did not fit the data perfectly, we conducted the model 

comparisons of the unidiemnsioal IRT models, PCM and the GPCM, to investigate the item 

psychometrics of the item bank.  The chi-square statistics of the GPCM was large 

( 78.22472 =χ , df=1594, p<0.001), indicating that the GPCM did not fit the data.  The chi-

square test of the PCM also showed that the PCM had poor fit to the data ( 40.23892 =χ , 

df=1524, p<0.001).  However, the GPCM fit to the data significantly better than the PCM 
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( 62.1412 =χ , df =70, p<0.001) by the model comparison method.  Therefore, the item 

parameter estimates from the GPCM were presented (Table 2-4). 

All items except write had slope estimates greater than 1.00.  Among the thirty-nine items, 

write item from the DASH questionnaire had the lowest slope estimate (0.76) and lifting a bag of 

groceries to waist level from the UEFI had the highest slope estimate(2.34).  The item difficulty 

estimates were negative for most of the items, ranging from -1.50 (write from the DASH) to 0.60 

(your usual hobbies, recreational or sporting activities from the UEFI) logits. The average item 

difficulty estimates (-0.401 logits) were slightly below the mean of sample ability (-0.016 logits). 

Twelve out of thirty-nine items showed significantly misfit (p<0.01) (Table 2-4).  The 

lowest fit was found on the items: make a bed, any of your usual work/household/school 

activities, your usual hobbies/recreational/sporting activities, and opening a jar.  These misfitting 

items showed no discernable pattern.  The test information of the item bank provided most 

information approximately at the mean of the person ability measures and the distribution of the 

test information was comparable to the distribution of persons’ ability (Figure 2-1).  These 

findings suggest that the item bank discriminates between individuals in this sample well, 

especially in the middle of the distribution. 

Differential Item Functioning 

While the results of DIF analysis showed 27/39 items had p-value smaller than 0.01, none 

of items in the item bank exceeded the Zumbo-Thomas effect size cutoff limit of 0.13 (Table 2-

5).  Flagging an item with DIF relying only on a statistically significant test in a large data set 

may result in items found statistically significant DIF that do not have a clinical or practical 

significant amount of DIF.  Therefore, it was concluded that none of the items exhibited 

significant DIF.  Since no significant DIF occurred in these items, these findings suggest that 
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individuals from different group memberships with equal upper extremity function have the 

same probability to endorse items of the item bank. 

Discussion 

In regards to the three hypotheses in this study, conclusions were as follows.  First, there 

was some evidence that the item bank created from two upper extremity patient report functional 

outcome assessments (the DASH and the UEFI) measures one latent trait, i.e., upper extremity 

function.  Second, a two-parameter logistic IRT model for ordinal items fits the data better than a 

one-parameter model.  Third, the item bank exhibits negligible DIF across impaired body parts 

(neck, shoulder, elbow, and wrist/hand). 

The first hypothesis, testing the unidimensionality of the item bank was investigated by 

CFA and produced mixed results.  While the SRMR and the TLI supported a one factor solution, 

the CFI and the RMSEA did not.  Further, support for the one-factor model was the high factor 

loadings on the first factor.  Although the CFA results violated stringent criterion for 

unidimensionality, there is sufficient evidence that this item bank measures one latent trait.  In a 

study of clinical change of cognitive function, Reise and Haviland165 suggested that although 

substantial model violations occurred, the items measured one construct since strong factor 

loadings existed on a common dimension and this dimension accounted for a high percentage of 

the variance.  

The second hypothesis, examining the IRT model-data fit was tested by the IRT analysis 

and found a two-parameter logistic polytomous IRT model (GPCM) fit the data significantly 

better than a one-parameter logistic polytomous IRT model (PCM).  However, the GPCM 

showed large chi-square statistics.  Moreover, thirty-one percent (12/39) of the items appeared to 

misfit in the GPCM.  Few studies to date have investigated the robustness of polytomous IRT 

models to CAT precision estimates.  De Ayala, Dodd, and Koch82 found CAT had reasonably 
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precise ability estimations with up to 45% items misfitting to partial credit model (PCM).  

Similar results were found in a study by Haley’s which showed 17% of the items misfitting.37  

As it is rare that a model perfectly reflects the data,69 it is expected that the GPCM would, to 

some degree, misfit to the data.  Furthermore, eliminating misfitting items from this item bank 

would reduce content coverage and thus, negatively impact the measurement of upper extremity 

function.  In conclusion, for purposes of this study, the GPCM is the preferred choice and all 

items will be retained to obtain item parameter estimates for future CAT simulations.  

Finally, the third hypothesis, testing negligible DIF across different upper extremity 

impairment groups (neck, shoulder, elbow, and wrist/hand) was examined using a proportional 

odds model for ordinal data.  While 27/39 items showed statistically significant DIF, none of the 

items had a clinical or practical amount of DIF.  That is, the DIF was negligible in this present 

study.  This result suggests that individuals with upper extremity impairment involving different 

regions have the same probability of endorsing an item as long as they have equal underlying 

upper extremity function.  As a consequence, the scores on this upper extremity assessment can 

be compared across different upper extremity impairment groups.  Negligible DIF for upper 

extremity function items shown in this study may be supported by the upper extremity acting as a 

whole while performing many tasks of daily activities.166  For example, the activity, grooming 

your hair, involves the motion of shoulder, elbow, wrist, and hand.  Several studies have found 

that the coordination of shoulder, elbow, wrist, and hand is required to accomplish daily tasks.167-

171  For instance, to perform the activity, eating with a fork, shoulder flexion, elbow flexion, and 

finger grasping are required.167  In addition to the obvious movement of each part of the upper 

limb, other studies found that some joints provide stabilization and equilibrium during other joint 
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movement in performing a task.172, 173  For example, in performing a single-finger tapping task, 

the shoulder, elbow, and wrist provide stabilization during the finger movement.172 

There are several other findings from this study that have implications for CAT 

development.  First, all items had slope estimates greater than 1.00 except for the item, write.  

This result indicated that the items of the item bank differentiate respondents’ abilities well.  

Moreover, test information for the item bank was high and the distribution of test information 

was almost parallel to the distribution of respondents’ abilities.  This represents the ideal.  That 

is, the test is providing the most information for the majority of the respondents.  Thus, it is 

expected that fewer items are required to obtain a sufficiently precise ability estimate in CAT 

administration with this item bank. 

The present study has several limitations.  First, while the sample size was sufficiently 

large for IRT analysis174 (651 participants), it represented a sample of convenience.  

Furthermore, only patients who answered both the DASH and the UEFI were selected for this 

study.  Individuals taking both the DASH and the UEFI may be potentially different from those 

who took only one of the two assessments.  

A second limitation of this study is a fairly limited item bank.  This study pooled items 

from the DASH and the UEFI.  While there are a large number of psychometric investigations of 

the DASH,125, 126, 128, 129, 135-140, 175, 176 few studies have investigated the psychometrics of the 

UEFI.141, 143  Moreover, several similar items were found in the DASH and the UEFI, such as 

open a tight or new jar from the DASH and open a jar from the UEFI, and push open a heavy 

door from the DASH, and open a door from the UEFI.  Moreover, this item bank consists of 

relatively few items involving fine hand activities such as picking up small pills, or typing on a 
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computer keyboard.  Therefore, pooling items from other upper extremity assessments to 

increase the variety of items in the item bank is warranted for future study.   

Lastly, there were several limitations in the DIF analysis.  The method used to analyze DIF 

in this study was proportional odds model for ordinal data.  Although investigating different DIF 

analysis approaches was not within the scope of this study, researchers may apply methods 

different from that used in this study.  Moreover, the sample size of each group was unequal; 

specifically, the individuals with elbow impairments (n=72) were much fewer than those with 

shoulder impairments (n=292).  Studies of DIF have suggested the minimum sample size of 100 

to 200 per group for logistic regression DIF analysis to ensure efficient power (>80%) of the 

analysis.164, 177, 178  This study only investigated DIF across upper extremity impairment groups 

(neck, shoulder, elbow, and wrist/hand).  Researchers may be interested in examining DIF on 

other demographic variables, such as gender, acuity of symptoms, age level, surgical history, and 

ethnic group. 

Conclusions 

In summary, this study provides initial evidence that existing measures of upper extremity 

function can be combined for item banking.  The above item bank was supported by sufficient 

unidimensionality, IRT model fit and insignificant DIF across upper extremity impairment 

groups (neck, shoulder, elbow, and wrist/hand).  Several other findings from IRT analysis, such 

as item information and item difficulty estimates may be useful in generating short forms and for 

investigating test algorithms in CAT simulation studies. 
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Table 2-1.  Demographic information of patients at rehabilitation intake (n=651) 
Characteristics Value 
Age (mean ± SD, min, max in years) (n=627) 47.4 ± 13.8, 18, 87 
 Age 18 to <45 263 
 Age 45 – 65 306 
 Age >65 58 
   
Gender (% female) (n=638) 49.2 
   
Acuity of symptoms (n=638)  
 Acute (0 - 21 days) (%) 91.5 
 Subacute (22 - 90 days) (%)   3.1 
 Chronic (>90 days) (%)   5.3 
   
Surgical history (n=634)  
 None (%) 50.3 
 One (%) 26.8 
 Two (%) 12.2 
 Three (%)   6.6 
 Four or more (%)   4.1 
   
Body part to be treated (n=642)  
 Cervical (%) 25.1 
 Elbow (%) 11.2 
 Shoulder (%) 45.5 
 Wrist/Hand (%) 18.2 
   
Region (n=642)  
 Mid Atlantic (%)   6.2 
 Mountain (%)   5.0 
 North Central (%) 46.1 
 Pacific (%)   9.0 
 South Atlantic (%) 21.5 
  South Central (%) 12.2 
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Table 2-2.  Final item bank for data analysis 
 Unable or 

extreme 
difficulty 

Severe 
difficulty 
or quite a 
bit of 
difficulty 

Moderate 
difficulty 

Mild 
difficulty 
or a little 
bit 
of 
difficulty 

No 
difficulty 

  1.  Open a tight or new jar.   1 2 3 4 5 
  2.  Write.  1 2 3 4 5 
  3.  Turn a key.    1 2 3 4 5 
  4.  Prepare a meal.   1 2 3 4 5 
  5.  Push open a heavy door.   1 2 3 4 5 
  6.  Place an object on a shelf 

above your head  
1 2 3 4 5 

  7.  Do heavy household 
chores (e.g., wash walls, 
wash floors).   

1 2 3 4 5 

  8.  Garden or do yard work.   1 2 3 4 5 
  9.  Make a bed.  1 2 3 4 5 
10.  Carry a shopping bag or 

briefcase.   
1 2 3 4 5 

11.  Carry a heavy object (over 
10 lbs) 

1 2 3 4 5 

12.  Change a light bulb 
overhead.   

1 2 3 4 5 

13.  Wash or blow dry your 
hair.  

1 2 3 4 5 

14.  Wash your back.   1 2 3 4 5 
15.  Put on a pullover sweater.   1 2 3 4 5 
16.  Use a knife to cut food.   1 2 3 4 5 
17.  Recreational activities 

which require little effort 
(e.g., card playing, 
knitting, etc.).   

1 2 3 4 5 

18.  Recreational activities in 
which you take some force 
or impact through your 
arm, shoulder or hand 
(e.g., golf hammering, 
tennis, etc.).   

1 2 3 4 5 

19.  Recreational activities in 
which you move your arm 
freely (e.g., playing 
Frisbee, badminton, etc.).   

1 2 3 4 5 
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Table 2-2.  Continued. 
20.  Manage transportation 

needs (getting from one 
place to another).   

1 2 3 4 5 

21.  Any of your usual work, 
household or school 
activities   

1 2 3 4 5 

22.  Your usual hobbies, 
recreational or sporting 
activities.  

1 2 3 4 5 

23.  Lifting a bag of groceries 
to waist level. 

1 2 3 4 5 

24.  Lifting a bag of groceries 
above your head. 

1 2 3 4 5 

25.  Grooming your hair. 1 2 3 4 5 
26.  Preparing food (e.g., 

peeling, cutting). 
1 2 3 4 5 

27.  Pushing up on your hands 
(e.g., from bathtub or 
chair). 

1 2 3 4 5 

28.  Driving. 1 2 3 4 5 
29.  Vacuuming, sweeping or 

raking.  
1 2 3 4 5 

30.  Dressing. 1 2 3 4 5 
31.  Doing up buttons. 1 2 3 4 5 
32.  Using tools or appliances 1 2 3 4 5 
33.  Opening doors. 1 2 3 4 5 
34.  Cleaning.   1 2 3 4 5 
35.  Tying or lacing shoes.   1 2 3 4 5 
36.  Laundering clothes (e.g., 

washing, ironing, folding).   
1 2 3 4 5 

37.  Opening a jar.   1 2 3 4 5 
38.  Throwing a ball 1 2 3 4 5 
39.  Carrying a small suitcase 

with your affected limb 
1 2 3 4 5 

© 2006 Institute for Work & Health, reprinted with permission (1 ̶ 20 items).  
© 1998 P Stratford, reprinted with permission (21 ̶ 39 items). 
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Table 2-3.  Factor loadings of one-factor model 
Items Factor 

loadings 
  1.  Open a tight or new jar.   0.817 
  2.  Write.  0.704 
  3.  Turn a key.    0.767 
  4.  Prepare a meal.   0.858 
  5.  Push open a heavy door.   0.796 
  6.  Place an object on a shelf above your head  0.815 
  7.  Do heavy household chores (e.g., wash walls, wash floors).   0.865 
  8.  Garden or do yard work.   0.86 
  9.  Make a bed.  0.851 
10.  Carry a shopping bag or briefcase.   0.879 
11.  Carry a heavy object (over 10 lbs) 0.853 
12.  Change a light bulb overhead.   0.819 
13.  Wash or blow dry your hair.  0.830 
14.  Wash your back.   0.822 
15.  Put on a pullover sweater.   0.802 
16.  Use a knife to cut food.   0.872 
17.  Recreational activities which require little effort (e.g., card playing, 

knitting, etc.).   
0.817 

18.  Recreational activities in which you take some force or impact through 
your arm, shoulder or hand (e.g., golf hammering, tennis, etc.).   

0.846 

19.  Recreational activities in which you move your arm freely (e.g., playing 
Frisbee, badminton, etc.).   

0.865 

20.  Manage transportation needs (getting from one place to another).   0.765 
21.  Any of your usual work, household or school activities 0.795 
22.  Your usual hobbies, recreational or sporting activities 0.726 
23.  Lifting a bag of groceries to waist level  0.885 
24.  Lifting a bag of groceries above your head  0.837 
25.  Grooming your hair  0.825 
26.  Preparing food (e.g., peeling, cutting)   0.829 
27.  Pushing up on your hands (e.g., from bathtub or chair) 0.885 
28.  Driving   0.762 
29.  Vacuuming, sweeping or raking   0.874 
30.  Dressing   0.840 
31.  Doing up buttons   0.863 
32.  Using tools or appliances   0.850 
33.  Opening doors  0.837 
34.  Cleaning   0.88 
35.  Tying or lacing shoes   0.859 
36.  Laundering clothes (e.g., washing, ironing,   folding) 0.880 
37.  Opening a jar  0.877 
38.  Throwing a ball  0.744 
39.  Carrying a small suitcase with your affected limb 0.835 
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Table 2-4.  Summary of generalized partial credit model of item response theory analyses results 
Items Slope Mean 

threshold 
Item 
fit 

Est. SE Est. SE p  
  1.  Open a tight or new jar.   1.09 0.08 -0.40 0.06 0.001 
  2.  Write.  0.76 0.09 -1.50 0.09 0.168 
  3.  Turn a key.    1.17 0.1 -1.40 0.09 0.698 
  4.  Prepare a meal.   2.19 0.16 -0.91 0.05 0.514 
  5.  Push open a heavy door.   1.41 0.1 -0.53 0.05 0.003 
  6.  Place an object on a shelf above your head  1.35 0.1 -0.18 0.05 0.024 
  7.  Do heavy household chores (e.g., wash walls, wash 

floors).   
2.16 0.16 0.28 0.05 0.266 

  8.  Garden or do yard work.   1.69 0.15 0.17 0.05 0.008 
  9.  Make a bed.  1.92 0.15 -0.62 0.04 0.000 
10.  Carry a shopping bag or briefcase.   2.30 0.18 -0.37 0.05 0.001 
11.  Carry a heavy object (over 10 lbs) 1.77 0.15 0.00 0.04 0.522 
12.  Change a light bulb overhead.   1.25 0.1 -0.17 0.05 0.080 
13.  Wash or blow dry your hair.  1.46 0.13 -0.61 0.06 0.306 
14.  Wash your back.   1.39 0.1 -0.15 0.05 0.799 
15.  Put on a pullover sweater.   1.23 0.1 -0.65 0.06 0.538 
16.  Use a knife to cut food.   1.70 0.14 -0.96 0.05 0.065 
17.  Recreational activities which require little effort 

(e.g., card playing, knitting, etc.).   
1.53 0.12 -1.13 0.05 0.403 

18.  Recreational activities in which you take some 
force or impact through your arm, shoulder or hand 
(e.g., golf hammering, tennis, etc.). 

1.60 0.12 0.38 0.05 0.016 

19.  Recreational activities in which you move your 
arm freely (e.g., playing Frisbee, badminton, etc.).   

1.66 0.13 0.42 0.05 0.153 

20.  Manage transportation needs (getting from one 
place to another).   

1.10 0.07 -1.29 0.07 0.005 

21.  Any of your usual work, household or school 
activities 

1.36 0.09 0.07 0.06 0.000 

22.  Your usual hobbies, recreational or sporting 
activities 

1.09 0.09 0.60 0.07 0.000 

23.  Lifting a bag of groceries to waist level  2.34 0.19 -0.16 0.04 0.027 
24.  Lifting a bag of groceries above your head  1.72 0.14 0.58 0.05 0.297 
25.  Grooming your hair  1.34 0.12 -0.53 0.05 0.291 
26.  Preparing food (e.g., peeling, cutting)   1.74 0.11 -0.22 0.04 0.159 
27.  Pushing up on your hands (e.g., from bathtub or 

chair) 
1.71 0.14 -0.73 0.05 0.001 

28.  Driving   1.16 0.08 -0.67 0.07 0.093 
29.  Vacuuming, sweeping or raking   2.15 0.15 -0.09 0.04 0.013 
30.  Dressing   1.77 0.14 -0.73 0.06 0.034 
31.  Doing up buttons   1.61 0.14 -0.95 0.06 0.074 
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Table 2-4.  Continued. 
32.  Using tools or appliances   1.78 0.14 -0.42 0.04 0.676 
33.  Opening doors  1.88 0.13 -0.77 0.05 0.420 
34.  Cleaning   2.20 0.14 -0.40 0.04 0.001 
35.  Tying or lacing shoes   1.68 0.14 -0.86 0.05 0.003 
36.  Laundering clothes (e.g., washing, ironing,   

folding) 
2.26 0.17 -0.53 0.04 0.575 

37.  Opening a jar  1.92 0.13 -0.11 0.05 0.000 
38.  Throwing a ball  1.06 0.08 -0.04 0.06 0.021 
39.  Carrying a small suitcase with your affected limb 1.78 0.13 -0.08 0.04 0.328 

Note: The value that was bolded represents significant misfit, i.e., p<0.01. 
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A 

 
B 

 
 
Figure 2-1.  Test information function and standard error of ability estimates for the upper 

extremity item bank compared with the distribution of person scores. A) represents 
the test information function and standard error of ability estimate; B) represents the 
distribution of person scores. 
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Table 2-5.  Test of differential item functioning for the item bank 
Items  2R−∆  p 
  1.  Open a tight or new jar.   0.0769 <0.01 
  2.  Write.  0.0747 <0.01 
  3.  Turn a key.    0.1083 <0.01 
  4.  Prepare a meal.   0.0069 0.0824 
  5.  Push open a heavy door.   0.0031 0.4092 
  6.  Place an object on a shelf above your head  0.0287 <0.01 
  7.  Do heavy household chores (e.g., wash walls, wash floors).   0.0212 <0.01 
  8.  Garden or do yard work.   0.0227 <0.01 
  9.  Make a bed.  0.0054 0.2152 
10.  Carry a shopping bag or briefcase.   0.011 0.003 
11.  Carry a heavy object (over 10 lbs) 0 0.9048 
12.  Change a light bulb overhead.   0.0357 <0.01 
13.  Wash or blow dry your hair.  0.0112 0.0016 
14.  Wash your back.   0.011 0.001 
15.  Put on a pullover sweater.   0.0219 <0.01 
16.  Use a knife to cut food.   0.0594 <0.01 
17.  Recreational activities which require little effort (e.g., card playing, 

knitting, etc.).   0.0139 0.0001 
18.  Recreational activities in which you take some force or impact 

through your arm, shoulder or hand (e.g., golf hammering, tennis, 
etc.). 0.0008 0.8474 

19.  Recreational activities in which you move your arm freely (e.g., 
playing Frisbee, badminton, etc.).   0.0132 <0.01 

20.  Manage transportation needs (getting from one place to another).   0.0125 0.1572 
21.  Any of your usual work, household or school activities 0.0087 0.0017 
22.  Your usual hobbies, recreational or sporting activities 0.0098 0.0048 
23.  Lifting a bag of groceries to waist level  0.0007 0.3906 
24.  Lifting a bag of groceries above your head  0.0189 <0.01 
25.  Grooming your hair  0.0128 0.0001 
26.  Preparing food (e.g., peeling, cutting)   0.0124 0.0002 
27.  Pushing up on your hands (e.g., from bathtub or chair) 0.051 <0.01 
28.  Driving   0.0125 0.0002 
29.  Vacuuming, sweeping or raking   0.004 0.0124 
30.  Dressing   0.0006 0.8732 
31.  Doing up buttons   0.0531 <0.01 
32.  Using tools or appliances   0.0264 <0.01 
33.  Opening doors  0.0062 0.0682 
34.  Cleaning   0.0055 0.0025 
35.  Tying or lacing shoes   0.0085 0.0003 
36.  Laundering clothes (e.g., washing, ironing,   folding) 0.0039 0.1516 
37.  Opening a jar  0.0653 <0.01 
38.  Throwing a ball  0.0089 0.0038 
39.  Carrying a small suitcase with your affected limb 0.0048 0.0225 
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CHAPTER 3 
THE EFFECTS OF UPPER EXTREMITY CAT ALGORITHMS – ESTIMATION METHODS 

& STOPPING CRITERIA  

Introduction 

Research on the feasibility of applying Computerized Adaptive Test (CAT) to assessments 

in healthcare has increased in the last decade.  This is because CAT administration has 

significant advantages over traditional paper-and-pencil (P&P) tests.62, 87, 88, 179, 180  For example, 

CAT administration of as few as eight items yields precision comparable to full length P&P tests 

and produces an examinee’s ability measure immediately upon completion of the test.  Studies of 

CAT in healthcare have been conducted in assessments measuring physical functioning,23-33, 38, 39, 

114 mental health42-48, and general health status.50, 51, 115  The majority of these studies have 

compared CAT to full scale tests using real-data simulations.  Recently, several studies have 

applied CAT in live testing situations, i.e., applying CAT to patients in clinical settings.36, 38-40, 44, 

46, 47, 102 

However, before further CAT live testing is initiated, the influence of the CAT testing 

algorithm needs to be investigated.  The testing algorithm is defined as “a set of rules specifying 

the questions to be answered by the examinee, and their order of presentation”.54  A CAT 

algorithm involves three components: 1) item selection procedure, 2) ability estimation 

methodology, and 3) termination criteria.  Several alternatives are available for each of these 

components. 

The algorithms of CAT have been widely investigated for dichotomous tests in 

education.19, 86, 93, 181, 182  Fewer studies have investigated tests with rating scale or polytomous 

items.  Dodd, De Ayala, and Koch88 evaluated and summarized the testing procedures of CAT 

based on IRT models for polytomous items (i.e., items with more than two response categories).  

They found CATs performed very well with maximum item information selection procedure 
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based on graded response model (GRM), nominal response model (NRM), and partial credit 

model (PCM).  While most studies on CATs with polytomous item response theory (IRT) model 

have used maximum likelihood estimation (MLE) for trait estimation, the expected a posteriori 

(EAP) approach had an advantage of producing more precise ability estimates.  Moreover, one 

advantage of dynamic stopping rules over static stopping rules is that dynamic stopping rules 

resulted in more efficient use of the item bank in terms of item exposure.  Dodd and colleagues88 

also noted that item bank characteristics have profound impact on CAT performance and, thus, 

suggested that item bank testing is required before applying CAT to real testing.  Recently, 

several studies have been conducted to compare CAT algorithms, including ability estimation 

methods, item selection procedures, and stopping rules, for polytomous IRT models.89, 91, 92, 183-

188  In general, no single testing algorithm optimizes the performance of CAT.  Moreover, 

algorithm performance depends on the underlying ability distribution and IRT models used in 

CAT.89-91, 94, 98, 99, 183, 184, 187, 189, 190   

CAT algorithms in healthcare can be characterized by their estimation method, item 

selection procedure, and termination criteria.  The most commonly applied estimation methods 

are EAP26, 44-49, 52 and MLE25, 29-31, 38-40, 53 ability estimation methods.  EAP is one of several 

Bayesian approaches, which is to maximize the posterior density of ability distribution, given the 

examinee’s item response, using the mean of the posterior ability distribution as the ability 

estimate and standard deviation of the posterior ability distribution as standard error of the ability 

estimate.93  MLE formulates a likelihood function that gives the likelihood of the observed 

response pattern as a function of ability.  The ability estimate from MLE is the value of ability 

that maximizes the likelihood function for a particular answering pattern.87, 90  The most 

commonly used item selection procedure is the maximum item information procedure, i.e., 
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selecting the most informative item at the respondent’s current estimated ability level.25, 26, 29-31, 

35-40, 43-49, 52, 53, 102  Finally, the termination criteria implemented in CAT in healthcare have 

included dynamic (e.g., stopping test when the standard error (SE) of ability estimates below 

0.3)29, 38-40, 44-48, 53 and static stopping rules (stopping the test when the preset number of items 

was answered).34-36, 102  While the impact of testing algorithms on the performance of CAT 

associated with the ability distribution and IRT models used, none of the CATs developed in 

healthcare, to our knowledge, have implemented a procedure to select the optimal testing 

algorithm for a particular assessment. 

The purpose of this study is to examine the relative precision (SE, bias), score 

comparability (correlations between CATs and full tests), and efficiency (number of items 

administered) of two ability estimation methods (MLE, EAP) combined with 5 test stopping 

criteria using a newly developed item bank of upper extremity (UE) function. 

Methods 

Item Bank and Samples 

A real-data set obtained from Focus on Therapeutic Outcome Incorporated (FOTO, Inc.) 

was used for this study.  Six hundred and fifty-one participants answered both the Diabilities of 

the Arm, Shoulder, and Hand (DASH)123 outcome questinnaire and the Upper Extremity 

Functional Index (UEFI)141 were included for this study.  The item bank of this data set consisted 

of 39 items from the DASH122 (20 items) and the Upper Extremity Functional Index (UEFI)141 

(19 items) measuring upper extremity function.  Each item asked a respondent’s ability to 

perform an activity.  The ratings of each item in the DASH and the UEFI were modified to a 5-

point scale ranging from unable (1) to no difficulty (5). 
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Parameter Estimation 

Items of the item bank were calibrated from our previous study with 651 respondents 

based on Generalized Partial Credit Model (GPCM)148 by using PARSCALE.158  Our previous 

study showed the items were approximately unidimensional, sufficiently fit to the GPCM, and 

showed negligible differential item functioning (DIF) across body part impairments (neck, 

shoulder, elbow, and wrist/hand).  The item slope (discrimination) calibration was high, ranging 

from 0.759 to 2.335.  The mean item threshold (difficulty) calibration was slightly below the 

mean of sample ability distribution. 

PARSCALE158 provided EAP and MLE ability estimation methods.  All the item 

parameter estimates and person ability estimates were on the common logit scale.  The unit of a 

logit scale represents the log odds of endorsing an item and a logit scale has the interval 

measurement properties.191, 192  Five participants answered all items with either highest (no 

difficulty) (n=3) or lowest rating (unable) (n=2).  These participants were eliminated from the 

following data analysis since the ability scores and SE could not be estimated.  Therefore, 646 

subject ability estimates were used to investigate the effect of different CAT algorithms on 

ability estimation. 

Data Analysis Procedures 

Design 

Two algorithm components (independent variables) were manipulated in the study: ability 

estimation methods and test stopping criteria.  The two ability estimation methods examined 

were MLE and EAP with normal prior.  Five stopping criteria were investigated: stopping test 

with SE below 0.3, 0.4 (dynamic stopping rules), maximum 5, 10, and 15 items (static stopping 

rules).  The reason for selecting the dynamic stopping rules with SE below 0.3 and 0.4 is to 

compare the measurement properties of assessments with different test reliabilities (the 
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corresponding test reliability for SE below 0.3 and 0.4 are about 0.9 and 0.8, respectively).  Since 

commonly used short assessments in healthcare are assessments consisting of 5 to 15 items, the 

static stopping rules of maximum 5, 10, and 15 items were chosen for this present study.  

Crossing both independent variables resulted in a 2 × 5 factorial design.  No replications of the 

CAT procedures were conducted.  The factorial design yielded 10 simulation conditions. 

CAT simulations 

The CAT simulation program, SIMPOPLYCAT, developed by Chen and Cook193 was used 

for all the CAT simulations of this study.  SIMPOLYCAT is a SAS program providing several 

alternatives for CAT procedures, including different ability estimation methods (e.g., EAP, 

MLE) and stopping rules (e.g., SE, fixed length).193  Since it is impossible to obtain ability 

estimates with MLE for persons answering all items in the highest or lowest category,99 

SIMPOLYCAT applied a variable step size procedure to estimate ability scores in this 

situation.193  That is, for highest response category, ability scores were estimated halfway 

between the initial ability estimates and the highest step difficulty in the item bank.193  For 

lowest response category, ability scores were estimated halfway between the initial ability 

estimates and the lowest step difficulty in the item bank.193 

There were 10 CAT simulations with one for each testing condition.  All simulated CATs 

started with an initial ability estimate of zero and selected items with maximum item information 

for administration.  That is, the initial item administered was the most informative item at the 

ability estimate of zero which is the item “lifting a bag of grocery to waist level”.  After 

obtaining the response to the initial item, CAT refines the respondent’s ability estimates based on 

either MLE or EAP estimation methods depending on the pre-set testing condition.  The next 

item was selected with the most information at the current ability estimates.  The testing 
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procedures continued until achieving the pre-specified stopping criteria (e.g., SE at 0.3, 0.4, a 

maximum of 5, 10 or 15 items). 

Analysis 

The impact of different CAT algorithms on the performance of CAT in terms of the 

relative precision, score comparability and efficiency was evaluated through descriptive and 

inferential statistical procedures.  The precision of an ability estimate from CAT was determined 

by the standard error of the ability estimate and the differences between ability estimates from 

the full scale and CAT (bias).  The smaller the standard error and bias of ability estimates the 

more precise the ability estimate.  Score comparability was defined as the correlation between 

the ability estimates from the full scale and CAT.  The ability scores from full tests were 

estimated from EAP and MLE estimation methods.  Therefore, the referenced ability estimates 

from full test were used accordingly to obtain the differences and correlations between CATs and 

full tests.  The efficiency of a test was evaluated in terms of the average number of items 

administered in the test for a particular stopping rule. 

Descriptive statistics 

The means and standard deviations were calculated for the ability estimates, standard 

errors of ability estimates, bias, and number of items administered across the 10 testing 

conditions.  Moreover, the item exposure rates of the 10 testing conditions were summarized to 

evaluate the usage of the item bank. 

Inferential statistics 

Two repeated-measures multivariate analyses of variances (MANOVA) were used to 

compare the bias and SE across the 10 testing conditions.  Another repeated-measures 

MANOVA was implemented to examine the number of items administered across the 4 testing 

conditions with dynamic stopping rules (i.e., stopping tests at the SE of 0.3 or 0.4).  A repeated-
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measures MANOVA was preferred for this study since it is fairly robust against violation of the 

assumption of multivariate normality.194  A post hoc multiple comparison using Shaffer-Holm 

procedure195 to control Family-wise error rate (FWE) was performed for SE, bias, and number of 

items administered.  

Structural equation modeling implemented in LISREL 8.8196 was used to compare the 

correlations between ability estimates from full tests and CATs across the 10 testing 

conditions.197, 198  A post hoc comparison with Shaffer-Holm controlling procedures195 was 

applied to pairwise comparisons of correlations. 

Results 

Descriptive Statistics 

Table 3-1 shows the descriptive statistics for ability estimates, standard error, bias, and 

number of items administered in full test scales and CAT scales across different estimation 

methods and stopping criteria.  Both EAP and MLE estimation methods with maximum 15 items 

stopping criteria tended to have lower mean ability estimates.  Moreover, EAP estimation 

methods with maximum 5 and 10 items stopping criteria tended to have higher average ability 

estimates.  Other testing conditions had similar average ability estimates. 

The standard error of ability estimates from either EAP or MLE ability estimation method 

decreased as the test length increased.  Under the same stopping criteria, the standard error for 

the ability estimates from the EAP estimation method tended to be smaller than the MLE 

estimation method (Table 3-1).  CAT with dynamic stopping criteria (SE at 0.3 or 0.4) obtained 

relatively equal standard error of measurement for the ability level ranging from -2.5 to 2 logits 

(Figure 3-1).  While the SE of ability estimates from EAP and MLE estimation methods with the 

same dynamic stopping rules were close to each other at the ability level ranging from -2.5 to 2 

logits, CAT with MLE estimation method had larger SE at the ability level above 2 logits (Figure 
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3-1).  Compared to other testing conditions, CAT under MLE estimation with maximum 5 items 

stopping rule had the largest standard error of ability estimates at the ability level below -1.5 and 

above 2 logits (Figure 3-1). 

The CAT under EAP estimation with maximum 5 and 10 items stopping criteria tended to 

have the average bias above zero and MLE estimation with maximum 15 items tended to have an 

average bias below zero.  The average biases from other testing conditions were approximately 

zero (Table 3-1).  Within the ability level of -2 to 2 logits, ability estimates from CAT with MLE 

estimation were less biased than EAP estimation (Figure 3-2).  The bias of the ability estimates 

from CAT under MLE estimation with maximum 10 items and maximum 15 items stopping rule 

was similar at the ability level ranging from -2 to 2 logits (Figure 3-2).  Across all testing 

conditions, the ability estimates from CAT under EAP estimation with SE at 0.4 stopping rule 

were more biased than other testing conditions at the ability level range of -2 and 2 logits (Figure 

3-2). 

Both estimation methods showed that more items were required to achieve lower standard 

error of ability estimates.  However, the EAP estimation methods tended to require fewer number 

of items administered at the same stopping criteria compare to the MLE estimation methods 

(NIA column in Table 3-1).  Figure 3-3 provides a graph to illustrate the differences of the 

number of items administered across EAP and MLE estimation methods with dynamic stopping 

criteria.  At the ability level ranging from -1.5 to 1.5 logits, the number of items administered 

under EAP and MLE estimation with the same stopping rule was similar.  

Table 3-2 provides the item exposure rate under each testing conditions.  While each item 

of the item bank had chance to be selected in CAT with dynamic stopping criteria (i.e., SE 0.3 or 

0.4), several items were not administered in CAT with fixed length stopping criteria (i.e., 



 

65 

maximum 5, 10 or 15 items).  In addition, CATs with fewer items administered had a higher 

percentage of non-administered items.  For example, CAT under both EAP and MLE estimation 

methods with maximum 5 items stopping rules, the usage of the item bank was below 50%. 

Inferential Statistics 

SE, bias, and number of item administered comparisons 

The results of repeated measures MANOVA revealed that the standard errors (SE) of 

ability estimates and bias were significantly different across different ability estimation methods 

and stopping criteria ( 3701637,9 =F , p<0.0001 and 22.3637,9 =F , p=0.001, respectively).  Similar 

results were found for number of item administered (NIA) across different ability estimation 

methods and dynamic stopping rules with SE at 0.3 or 0.4 ( 78.192643,3 =F , p<0.0001).  Table 3-

3 provides a summary of pairwise comparisons for the SE, bias, and NIA across ability 

estimation methods and stopping criteria.  While, the results showed, for SE, there were 33 out of 

45 pairs significantly different from each other, only two pairs of the comparisons showed 

significant bias differences.   All pairs of the comparisons for NIA were significantly different 

from each other and the CAT under MLE estimation with stopping rule of SE at 0.3 required the 

largest number of items (NIA column in Table 3-3).  Overall, the ability estimates from CAT 

under EAP ability estimation with maximum 5 items were as precise as those from CAT under 

EAP ability estimation with SE at 0.3 stopping rules and MLE ability estimation with maximum 

10 items (no significant differences of SE and bias of ability estimates from the EAPSE0.3 and 

MLEMAX5, Table 3-3).  Moreover, the ability estimates from CAT under EAP ability 

estimation with maximum 15 items stopping rule had the most precise ability estimates (i.e., 

smallest SE and bias).  
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Correlation comparisons 

Table 3-4 provides the Pearson correlation coefficients between full test and CAT across 

10 testing conditions.  All the correlations between full test and CAT were high.  The lowest 

correlation occurred with the CAT under EAP ability estimation with SE at 0.4 stopping rule 

(r=0.929).  The highest correlation occurred with the CAT under EAP ability estimation with 

maximum 15 items stopping rule (r=0.989).  The results from structural equation modeling 

showed significantly different correlations between CAT and full test across all but two 

comparisons.  CATs with more items administered had a higher correlation with the full test.  

The correlation between full test and CAT under EAP ability estimation with SE at 0.3 stopping 

rule was not significantly different from that with maximum 5 items stopping rule.  Similar 

results were found for the correlation between full test and CAT under EAP ability estimation 

with SE at 0.4 stopping rule and that under MLE ability estimation with SE at 0.4 stopping rule 

(Table 3-5). 

Discussion 

The overall purpose of this study was to investigate the impact of different CAT 

procedures on the measurement properties of CAT including precision, score comparability, and 

efficiency.  In regards to the comparison of CAT performance across the ten testing conditions, 

conclusions were as follows.  First, the SE of ability estimates increased and bias decreased as 

test length increased or the preset SE of the stopping rule decreased.  Second, the ability 

estimates from EAP ability estimation were more precise than those from MLE ability estimation 

at the same stopping criteria.  Third, the number of items required to achieve the preset precision 

increased as the preset SE of termination criteria decreased.  The ability scores from longer tests 

and tests with smaller preset SE of stopping rule were more similar to those from the full test 

than their counterpart. 
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In general, the SE of ability estimates decreased as test length and test reliability increased 

(i.e., pre-set standard error of ability estimates decreased) and the MLE ability estimation had 

larger standard error of ability estimates than the EAP ability estimation.  These findings were 

supported by Wang &Wang’s,91, 92 and Wang & Vispoel’s90 studies.  Although the average 

number of items administered for CAT under EAP ability estimation with termination of the test 

at the SE of 0.3 (EAPSE0.3) was 5.6 items, the standard error of ability estimates from CAT 

with EAPSE0.3 was not significantly lower than CAT under EAP estimation method with 

stopping test at maximum 5 items administered (EAPMAX5).  This finding may have resulted 

from an insufficient number of items measuring higher ability levels in the item bank.  It 

appeared that the standard error of ability estimates increased radically at the high end of the 

ability continuum for CAT with EAPSE0.3.  Therefore, if more items measuring a higher level 

of UE function were added to the item bank, it is expected that the SE of ability estimates from 

CAT with EAPSE0.3 would decrease. 

Similar to the findings from Wang &Wang’s,91, 92 and Wang & Vispoel’s90 studies, the bias 

of ability estimates decreased as the test length and test reliability increased.  Similar to other 

simulation studies based on known ability level, the EAP ability estimator tended to overestimate 

the ability at lower levels of full scale ability estimate continuum and underestimate the ability at 

higher levels of full scale ability estimate continuum.90-92  Different from other simulation studies 

based on true ability, the MLE ability estimator tended to overestimate ability at higher levels of 

true ability and underestimate ability at lower levels of true ability.90-92  That is, the MLE ability 

estimator overestimated ability at lower levels of full scale ability estimate and underestimated 

ability at higher levels of full scale ability estimate.  While several studies89, 183, 184 found EAP 

and MLE ability estimation resulted in similar ability estimates based on the one-parameter 
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logistic polytomous IRT model,91, 92 the MLE ability estimation had fewer biased ability 

estimates than the EAP based on the two-parameter logistic polytomous IRT model.  Although 

this present study used Generalized Partial Credit Model (a two-parameter logistic polytomous 

IRT model), with the same stopping rule, the difference between the bias of ability estimates 

from the MLE and that from the EAP was not significant.  Compared to the findings of Wang 

and Wang,91, 92 the present study had a higher discriminating item bank (mean slope parameter 

estimates 1.622 versus about 0.5).  It appears that when the item bank consists of items with high 

discrimination, the bias of ability estimates from EAP ability estimation is similar to MLE ability 

estimation.90 

As expected, the correlations between the full scale and CAT increased as test length and 

reliability increased (i.e., pre-set SE of ability estimates decreased).  For most testing conditions, 

the correlations between the full scale and CAT under MLE ability estimation were lower than 

EAP ability estimation with the same stopping rule.  This finding was supported by Wang and 

Vispoel.90  Two exceptions occurred for the testing conditions with dynamic stopping rules (i.e., 

SE at 0.3 or 0.4).  With SE at 0.3 stopping rule, the correlation between ability estimates from 

full scale and those from CAT with EAP ability estimation was significantly different and tended 

to be lower than with MLE ability estimation.  With SE at 0.4 stopping rule, the correlation 

between ability estimates from the full scale and those from CAT with EAP ability estimation 

was not significantly different from MLE ability estimation.  

The number of items needed to achieve a pre-set SE level increased as the test reliability 

increased (i.e., pre-set SE increased).  Moreover, CAT with EAP ability estimation required 

fewer items than MLE ability estimation to reach the same SE level.  This efficiency is achieved 
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by the EAP ability estimation method taking into account the prior information about a person’s 

ability level.86, 90, 93  

There are several other findings from this study that have implications for CAT 

development.  First, compared to the CAT with static stopping criteria, the CAT with dynamic 

stopping criteria resulted in a more efficient use of the item bank.  For example, over half of the 

items in the item bank were never selected for CAT with maximum 5 items stopping rule.  

Second, the dynamic stopping rule produced relatively equal measurement precision for 

individuals’ ability levels within the range of -2 to 2 logits.  That is, all the respondents at the 

ability level within -2 and 2 logits will have an equivalently precise score.21 

The present study has several limitations.  First, the item bank applied to the CAT had few 

items measuring the extreme of upper extremity function (the lower and higher end of the ability 

continuum).  This item bank characteristic may have a negative impact on CAT.  For example, if 

the purpose of the test is to measure functional change for individuals with upper extremity 

disorders, the change scores from CAT with the present item bank may be misleading.  That is, 

whether change scores of individuals with higher or lower UE function represent real functional 

change would be unclear since the ability estimates have large error associated with them.  

Therefore, future studies investigating the effects of testing algorithm on the performance of 

CAT using an item bank with more items measuring extreme upper extremity function is 

warranted. 

The second limitation is that this is a real-data simulation study.  In other words, we 

assumed that the answers to the subset of those items selected by the CAT would be identical to 

the answers given when all items were administered.  Although the real-data simulations are 
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likely to approximate the results of actual CAT administrations,199 future studies are needed to 

investigate the impact of testing procedures on live CAT administrations. 

Lastly, large differences across the examined testing condition occurred at the extreme of 

the ability spectrum.  Future studies inspecting the impact of CAT algorithms on conditional SE, 

bias, score comparability to the full scale, and efficiency with data in these extreme ranges is 

warranted.  That is, studies are needed which investigate the effect of testing procedures with 

statistical analyses on particular ranges of ability, e.g., ability levels below -2 or above 2 logits.  

Conclusions 

In summary, the present study provided evidence that CAT algorithms had impact on the 

measurement precision, score comparability, and efficiency.  However, how seriously CAT 

algorithms affected the CAT performance in terms of precision, score comparability, and 

efficiency may relate to underlying item bank characteristics.  In order to reduce respondents', 

administrators’, and researchers’ burden in the clinic or in clinical trials, short assessments are 

needed.  Therefore, according to the findings of the present study using the item bank measuring 

upper extremity function, EAP ability estimation had advantages over MLE ability estimation.  

Moreover, this study suggested that MLE ability estimation with maximum stopping rule of only 

5 items should not be used.  This is because the ability estimates from CAT with this item bank 

were much less precise at the extreme of the ability continuum. 
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Table 3-1.  Descriptive statistics for ability estimates, standard error, bias, and number of items 
administered in full scale and CAT across 10 testing conditions 

Scale, estimation 
methods, and 
stopping criteria 

Ability estimates SE Bias NIA 
Mean SD Mean SD Mean SD Mean SD 

Full Scale 
(n=646) 

        

 EAP -0.018 0.952 0.133 0.05 0 0 39 0 
 MLE -0.013 0.99 0.14 0.069 0 0 39 0 
CAT (n=646)         
 EAPSE0.3 -0.013 0.913 0.282 0.021 0.006 0.264 5.65 5.704 
 EAPSE0.4 -0.01 0.881 0.366 0.021 0.009 0.351 3.17 3.916 
 EAPMAX5 -0.006 0.927 0.278 0.071 0.012 0.271 5 0 
 EAPMAX10 -0.005 0.928 0.206 0.056 0.013 0.193 10 0 
 EAPMAX15 -0.022 0.937 0.177 0.054 -0.004 0.142 15 0 
 MLESE0.3 -0.017 0.986 0.286 0.041 -0.003 0.267 6.02 6.495 
 MLESE0.4 -0.017 0.981 0.37 0.035 -0.004 0.355 3.57 4.964 
 MLEMAX5 -0.013 0.972 0.518 1.5 0 0.329 5 0 
 MLEMAX10 -0.011 0.977 0.271 0.764 0.002 0.232 10 0 
  MLEMAX15 -0.024 0.969 0.225 0.665 -0.011 0.168 15 0 

Note: Ability estimates are in logits; SE: standard error; NIA: number of items administered; 
EAPSE0.3: EAP estimation method with standard error 0.3 stopping criterion; EAPSE0.4: EAP 
estimation method with standard error 0.4 stopping criterion; EAPMAX5: EAP estimation 
method with maximum 5 items stopping criterion; EAPMAX10: EAP estimation method with 
maximum 10 items stopping criterion; EAPMAX15: EAP estimation method with maximum 10 
items stopping criterion; MLESE0.3: MLE estimation method with standard error 0.3 stopping 
criterion; MLESE0.4: MLE estimation method with 0.4 stopping criterion; MLEMAX5: MLE 
estimation method with maximum 5 items stopping criterion; MLEMAX10: MLE estimation 
method with maximum 10 items stopping criterion; MLEMAX15: MLE estimation method with 
maximum 15 items stopping criterion. 
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Figure 3-1.  Standard error (SE) of ability estimates across 10 testing conditions. A) represents 

the SE across EAP and MLE estimation methods with the dynamic stopping rules (SE 
0.3 and 0.4); B) represents the SE across EAP and MLE with the static stopping rules 
(maximum 5, 10, and 15 items); C) represents SE across dynamic and static stopping 
rules under the EAP estimation method; D) represents SE across dynamic and static 
stopping rules under the MLE estimation method.  The graph represented the 
conditional standard error of ability estimate plotted against the full scale ability 
estimates classified into 14 ability level ranges (below -3, -3 to -2.5, -2.5 to -2, -2 to -
1.5, -1.5 to -1, -1 to -.5, -.5 to 0, 0 to .5, .5 to 1, 1 to 1.5, 1.5 to 2, 2 to 2.5, 2.5 to 3, 
above 3). 
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Figure 3-1.  Continued 
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Figure 3-2.  Biases across 10 testing conditions. A) represents the biases across EAP and MLE 

estimation with dynamic stopping rules (SE at 0.3 or 0.4); B) represents the biases 
across EAP estimation with static stopping rules, and C) represents the biases across 
MLE estimation with static stopping rules.  The graph represented the conditional 
bias plotted against the full scale ability estimates classified into 14 ability level 
ranges (below -3, -3 to -2.5, -2.5 to -2, -2 to -1.5, -1.5 to -1, -1 to -.5, -.5 to 0, 0 to .5, 
.5 to 1, 1 to 1.5, 1.5 to 2, 2 to 2.5, 2.5 to 3, above 3). 
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Figure 3-2.  Continued 



 

76 

0

5

10

15

20

25

30

35

40

-3 -2 -1 0 1 2 3

Full Scale Ability Estimate in Logits

N
o.

 o
f i

te
m

s a
dm

in
ist

er
ed

EAPSE0.3
EAPSE0.4
MLESE0.3
MLESE0.4

 
Figure 3-3.  Number of items administered across EAP and MLE estimation methods with 

dynamic stopping criteria (SE at 0.3 or 0.4).  The graph represented the conditional 
NIA plotted against the full scale ability estimates classified into 14 ability level 
ranges (below -3, -3 to -2.5, -2.5 to -2, -2 to -1.5, -1.5 to -1, -1 to -.5, -.5 to 0, 0 to .5, 
.5 to 1, 1 to 1.5, 1.5 to 2, 2 to 2.5, 2.5 to 3, above 3). 
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Table 3-2.  Item exposure rate under two estimation methods combined with five stopping 
criteria testing conditions 

Testing conditions No. of items not administered % of non-administered items 
EAPSE0.3 0 0 
EAPSE0.4 0 0 
EAPMAX5 23 58.97% 
EAPMAX10 9 23.08% 
EAPMAX15 2 5.13% 
MLESE0.3 0 0 
MLESE0.4 0 0 
MLEMAX5 23 58.97% 
MLEMAX10 7 17.95% 
MLEMAX15 2 5.13% 

Note: EAPSE0.3: EAP estimation method with standard error 0.3 stopping criterion; EAPSE0.4: 
EAP estimation method with standard error 0.4 stopping criterion; EAPMAX5: EAP estimation 
method with maximum 5 items stopping criterion; EAPMAX10: EAP estimation method with 
maximum 10 items stopping criterion; EAPMAX15: EAP estimation method with maximum 10 
items stopping criterion; MLESE0.3: MLE estimation method with standard error 0.3 stopping 
criterion; MLESE0.4: MLE estimation method with 0.4 stopping criterion; MLEMAX5: MLE 
estimation method with maximum 5 items stopping criterion; MLEMAX10: MLE estimation 
method with maximum 10 items stopping criterion; MLEMAX15: MLE estimation method with 
maximum 15 items stopping criterion. 
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Table 3-3.  Pairwise comparisons for standard error (SE) of ability estimates, bias, and number of 
items administered (NIA). 

  SE Bias NIA 
Contrast Mean SD Mean SD Mean SD 
EAPSE0.3_vs_EAPSE0.4 -0.084* 0.027 -0.003 0.223 2.478* 3.252 
EAPSE0.3_vs_EAPMAX5 0.004   0.064 -0.006 0.141 0.65* 5.704 
EAPSE0.3_vs_EAPMAX10 0.076* 0.047 -0.008 0.18 -4.35* 5.704 
EAPSE0.3_vs_EAPMAX15 0.105* 0.045 0.009 0.216 -9.35* 5.704 
EAPSE0.3_vs_MLESE0.3 -0.004* 0.025 0.009 0.103 -0.37* 1.931 
EAPSE0.3_vs_MLESE0.4 -0.088* 0.029 0.009 0.234 2.08* 2.223 
EAPSE0.3_vs_MLEMAX5 -0.236* 1.489 0.006 0.235 0.65* 5.704 
EAPSE0.3_vs_MLEMAX10 0.011 0.755 0.003 0.225 -4.35* 5.704 
EAPSE0.3_vs_MLEMAX15 0.057 0.658 0.016 0.233 -9.35* 5.704 
EAPSE0.4_vs_EAPMAX5 0.088* 0.071 -0.003 0.254 -1.83* 3.916 
EAPSE0.4_vs_EAPMAX10 0.16* 0.055 -0.005 0.294 -6.83* 3.916 
EAPSE0.4_vs_EAPMAX15 0.189* 0.054 0.012 0.32 -11.83* 3.916 
EAPSE0.4_vs_MLESE0.3 0.08* 0.041 0.012 0.248 -2.848* 4.2 
EAPSE0.4_vs_MLESE0.4 -0.004* 0.030 0.012 0.208 -0.398* 2.312 
EAPSE0.4_vs_MLEMAX5 -0.152 1.497 0.009 0.316 -1.83* 3.916 
EAPSE0.4_vs_MLEMAX10 0.095* 0.760 0.006 0.327 -6.83* 3.916 
EAPSE0.4_vs_MLEMAX15 0.141* 0.662 0.020 0.333 -11.83* 3.916 
EAPMAX5_vs_EAPMAX10 0.071* 0.029 -0.001 0.175 NA NA 
EAPMAX5_vs_EAPMAX15 0.101* 0.031 0.016 0.217 NA NA 
EAPMAX5_vs_MLESE0.3 -0.008* 0.062 0.015 0.161 NA NA 
EAPMAX5_vs_MLESE0.4 -0.092* 0.070 0.016 0.266 NA NA 
EAPMAX5_vs_MLEMAX5 -0.24* 1.446 0.012 0.18 NA NA 
EAPMAX5_vs_MLEMAX10 0.007 0.735 0.010 0.207 NA NA 
EAPMAX5_vs_MLEMAX15 0.053 0.640 0.023 0.229 NA NA 
EAPMAX10_vs_EAPMAX15 0.03* 0.013 0.017* 0.115 NA NA 
EAPMAX10_vs_MLESE0.3 -0.08* 0.045 0.017 0.188 NA NA 
EAPMAX10_vs_MLESE0.4 -0.164* 0.053 0.017 0.298 NA NA 
EAPMAX10_vs_MLEMAX5 -0.311* 1.461 0.014 0.243 NA NA 
EAPMAX10_vs_MLEMAX10 -0.064 0.735 0.011 0.121 NA NA 
EAPMAX10_vs_MLEMAX15 -0.018 0.640 0.024* 0.142 NA NA 
EAPMAX15_vs_MLESE0.3 -0.109* 0.042 0.000 0.221 NA NA 
EAPMAX15_vs_MLESE0.4 -0.193* 0.051 0.000 0.325 NA NA 
EAPMAX15_vs_MLEMAX5 -0.341* 1.461 -0.003 0.285 NA NA 
EAPMAX15_vs_MLEMAX10 -0.094* 0.736 -0.006 0.168 NA NA 
EAPMAX15_vs_MLEMAX15 -0.048 0.639 0.007 0.099 NA NA 
MLESE0.3_vs_MLESE0.4 -0.084* 0.029 -0.003 0.229 2.45* 3.236 
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Table 3-3.  Continued. 
MLESE0.3_vs_MLEMAX5 -0.232* 1.477 -0.006 0.225 1.02* 6.495 
MLESE0.3_vs_MLEMAX10 0.016 0.742 0.008 0.236 -3.98* 6.495 
MLESE0.3_vs_MLEMAX15 0.062 0.649 0.000 0.233 -8.98* 6.495 
MLESE0.4_vs_MLEMAX5 -0.148 1.486 -0.003 0.302 -1.43* 4.964 
MLESE0.4_vs_MLEMAX10 0.099* 0.750 -0.006 0.322 -6.43* 4.964 
MLESE0.4_vs_MLEMAX15 0.145* 0.655 0.007 0.334 -11.43* 4.964 
MLEMAX5_vs_MLEMAX10 0.247* 1.257 -0.002 0.225 NA NA 
MLEMAX5_vs_MLEMAX15 0.293* 1.313 0.011 0.265 NA NA 
MLEMAX10_vs_MLEMAX15 0.046* 0.362 0.013 0.137 NA NA 

Note: *significant different at familywise error rate of 0.05; NA: not applicable. 
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Table 3-4.  Correlation coefficients for full test and CAT under two ability estimation methods and five stopping rules 
  EAPIRT MLEIRT EAPSE0.3 EAPSE0.4 EAPMAX5 EAPMAX10 EAPMAX15 MLESE0.3 MLESE0.4 MLEMAX5 MLEMAX10 MLEMAX15 
EAPIRT 1.000            
MLEIRT 0.999 1.000           
EAPSE0.3 0.961 0.961 1.000          
EAPSE0.4 0.929 0.930 0.970 1.000         
EAPMAX5 0.959 0.956 0.988 0.962 1.000        
EAPMAX10 0.979 0.977 0.981 0.949 0.982 1.000       
EAPMAX15 0.989 0.987 0.973 0.940 0.973 0.992 1.000      
MLESE0.3 0.961 0.963 0.994 0.966 0.983 0.979 0.972 1.000     
MLESE0.4 0.933 0.935 0.970 0.977 0.959 0.950 0.942 0.972 1.000    
MLEMAX5 0.950 0.944 0.978 0.952 0.987 0.974 0.963 0.973 0.952 1.000   
MLEMAX10 0.975 0.972 0.976 0.943 0.977 0.994 0.988 0.974 0.946 0.973 1.000  
MLEMAX15 0.986 0.986 0.971 0.938 0.969 0.989 0.996 0.971 0.941 0.963 0.990 1.000 

Note: All the correlations were significant; EAPIRT: full test with EAP ability estimation; MLEIRT: full test with MLE ability 
estimation; EAPSE0.3: EAP estimation method with standard error 0.3 stopping criterion; EAPSE0.4: EAP estimation method with 
standard error 0.4 stopping criterion; EAPMAX5: EAP estimation method with maximum 5 items stopping criterion; EAPMAX10: 
EAP estimation method with maximum 10 items stopping criterion; EAPMAX15: EAP estimation method with maximum 10 items 
stopping criterion; MLESE0.3: MLE estimation method with standard error 0.3 stopping criterion; MLESE0.4: MLE estimation 
method with 0.4 stopping criterion; MLEMAX5: MLE estimation method with maximum 5 items stopping criterion; MLEMAX10: 
MLE estimation method with maximum 10 items stopping criterion; MLEMAX15: MLE estimation method with maximum 15 items 
stopping criterion; The bolded value represents the highest value among the correlations between ability estimates from the full test 
and those from each testing condition; The italic value represents the lowest value among the correlations between ability estimates 
from the full test and the those from each testing condition. 
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Table 3-5.  The comparisons of correlations between full test and CAT across 10 testing 
conditions 

Correlation comparison Differences 
EAPSE0.3_vs_EAPSE0.4 0.031* 
EAPSE0.3_vs_EAPMAX5 0.002 
EAPSE0.3_vs_EAPMAX10 -0.018* 
EAPSE0.3_vs_EAPMAX15 -0.028* 
EAPSE0.3_vs_MLESE0.3 -0.003* 
EAPSE0.3_vs_MLESE0.4 0.026* 
EAPSE0.3_vs_MLEMAX5 0.017* 
EAPSE0.3_vs_MLEMAX10 -0.011* 
EAPSE0.3_vs_MLEMAX15 -0.025* 
EAPSE0.4_vs_EAPMAX5 -0.029* 
EAPSE0.4_vs_EAPMAX10 -0.050* 
EAPSE0.4_vs_EAPMAX15 -0.059* 
EAPSE0.4_vs_MLESE0.3 -0.034* 
EAPSE0.4_vs_MLESE0.4 -0.006 
EAPSE0.4_vs_MLEMAX5 -0.014* 
EAPSE0.4_vs_MLEMAX10 -0.043* 
EAPSE0.4_vs_MLEMAX15 -0.056* 
EAPMAX5_vs_EAPMAX10 -0.020* 
EAPMAX5_vs_EAPMAX15 -0.030* 
EAPMAX5_vs_MLESE0.3 -0.005* 
EAPMAX5_vs_MLESE0.4 0.024* 
EAPMAX5_vs_MLEMAX5 0.015* 
EAPMAX5_vs_MLEMAX10 -0.013* 
EAPMAX5_vs_MLEMAX15 -0.027* 
EAPMAX10_vs_EAPMAX15 -0.009* 
EAPMAX10_vs_MLESE0.3 0.016* 
EAPMAX10_vs_MLESE0.4 0.044* 
EAPMAX10_vs_MLEMAX5 0.036* 
EAPMAX10_vs_MLEMAX10 0.007* 
EAPMAX10_vs_MLEMAX15 -0.006* 
EAPMAX15_vs_MLESE0.3 0.025* 
EAPMAX15_vs_MLESE0.4 0.054* 
EAPMAX15_vs_MLEMAX5 0.045* 
EAPMAX15_vs_MLEMAX10 0.017* 
EAPMAX15_vs_MLEMAX15 0.003* 
MLESE0.3_vs_MLEMAX15 0.028* 
MLESE0.3_vs_MLESE0.4 0.020* 
MLESE0.3_vs_MLEMAX5 -0.009* 
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Table 3-5.  Continued 
MLESE0.3_vs_MLEMAX10 -0.022* 
MLESE0.4_vs_MLEMAX5 -0.009* 
MLESE0.4_vs_MLEMAX10 -0.037* 
MLESE0.4_vs_MLEMAX15 -0.050* 
MLEMAX5_vs_MLEMAX10 -0.028* 
MLEMAX5_vs_MLEMAX15 -0.042* 
MLEMAX10_vs_MLEMAX15 -0.013* 

Note: *the correlation of one testing condition was significantly different from the other at 
familywise error rate of 0.05; EAPSE0.3: EAP estimation method with standard error 0.3 
stopping criterion; EAPSE0.4: EAP estimation method with standard error 0.4 stopping criterion; 
EAPMAX5: EAP estimation method with maximum 5 items stopping criterion; EAPMAX10: 
EAP estimation method with maximum 10 items stopping criterion; EAPMAX15: EAP 
estimation method with maximum 10 items stopping criterion; MLESE0.3: MLE estimation 
method with standard error 0.3 stopping criterion; MLESE0.4: MLE estimation method with 0.4 
stopping criterion; MLEMAX5: MLE estimation method with maximum 5 items stopping 
criterion; MLEMAX10: MLE estimation method with maximum 10 items stopping criterion; 
MLEMAX15: MLE estimation method with maximum 15 items stopping criterion. 
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CHAPTER 4 
COMPARING THE PERFORMANCE OF A COMPUTERIZED ADAPTIVE TEST TO A 

STATIC SHORT FORM IN MEASURING UPPER EXTREMITY FUNCTION 

Introduction 

A short assessment to evaluate the health status of individuals with upper extremity (UE) 

disorder is essential in order to reduce respondent, administrator, and researcher burden in clinics 

or clinical trials.  Computerized adaptive testing (CAT) based on an item response theory (IRT) 

framework has the advantage of measuring a person’s ability precisely with considerably few 

items.62, 87, 88, 179, 180  This method has been receiving considerable attention in healthcare.13, 15-18, 

110, 111  However, the technology required for CAT is not widely available in facilities and turning 

an evaluation into a computerized system can be a financial challenge for many research and 

clinical settings.10  An example of the increased costs of CAT is the implementation of the 

Graduate Record Exam (GRE) and the Test Of English as a Foreign Language (TOEFL), two 

large scale testing programs in education.  Just prior to CAT administration of these tests, fees 

dramatically increased to balance the cost of setting up the computerized testing system.200  

While the cost of the computerized evaluation system in healthcare is unknown and the 

acceptability of CAT to the healthcare populations is unclear, a critical question is to what extent 

the precision of CAT is better than a traditional paper-pencil short assessment.   

Since CAT administers only items relevant to the respondent’s ability level, it is expected 

that CAT would result in more precise ability estimates than a traditional static short form.201  

However, Reise and Henson41 found that four best items were selected most often when the CAT 

version of the Revised Neuroticism-Extroversion-Openness Personality Inventory (NEO PI-R) 

was administered.  This finding suggests that a static short form of these four items would be as 

efficient as the CAT version of NEO PI-R.  Nonetheless, these findings may be due to the small 

item bank used to develop the CAT version (the NEO PI-R only has eight items for each 
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domain).  Hol, Vost, and Mellenbergh202 conducted a similar study with a larger item bank (24 

polytomous items) and found that the CAT outperformed a static short form in terms of 

measurement precision. 

Two additional studies comparing CAT to static short forms were conducted on 

assessments in healthcare.25, 50  Haley and colleagues25 compared 10-item static short forms to 

CATs measuring physical/mobility, personal care/instrumental, and applied cognition with an 

item bank consisting of 101 items, 62 items, and 59 items, respectively.  The static short forms 

were developed by iteratively selecting items with test information function fit to the ability 

range of the sample under the IRT framework.203  The results showed that CAT was more 

precise than the short forms across these three domains (the 95% confidence intervals of ability 

estimates from CAT were smaller than the static short forms).  Ware and colleagues50 compared 

a 6-item static short form to a CAT measuring headache impact with an item bank consisting of 

47 items.  The static short form was created by selecting items with difficulty estimates covering 

a wide range of sample abilities.204  The results of Ware and colleagues study also showed that 

CAT was more precise than the static short form.  In comparison to the Reise and Henson41 

study, Haley and colleagues25 and Ware and colleagues50 utilized a much larger item bank 

resulting in more precise ability estimates.  However, unlike Haley and colleagues25 the error of 

ability estimates from the static short form in the Ware and colleagues50 study was comparable 

with the CAT.  It is possible that the item bank characteristics account for the differences among 

these studies. 

In addition to evaluating the precision of an assessment, examining the ability of an 

outcome instrument to detect change is critical.11, 12  One reason is that a measure’s ability to 

detect change affects the number of participants required for a clinical trial.  Thus, utilizing an 
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instrument that is more sensitive to change can reduce the sample size needed to evaluate the 

efficacy of a treatment with same power.3  Moreover, an instrument with the ability to detect 

change can determine whether or not an intervention improves the patient’s condition in the 

study.205  However, so far, no study has investigated whether or not the ability to detect change 

of an upper extremity PRO instrument is sacrificed when a shorten version of the measure is 

used, such as CAT and static short forms. 

The purpose of this study was to investigate the measurement properties of CAT and a 

static short form created from the same item bank.  The measurement properties included three 

components.  First is the measurement precision, including the standard error of ability estimates 

(reliability) and the bias of ability estimates (differences of ability estimates from the full scale 

and CAT or the static short form).  Second is the score comparability, the correlation between 

ability estimates from the full scale and CAT or the static short form.  The final component is the 

ability of a CAT or short form to detect patients’ perceptions of general improvement or 

deterioration in their condition. 

Methods 

Item Bank 

The item bank consisted thirty-nine items measuring upper extremity function pooled from 

the Disability of Arm, Shoulder, and Hand (DASH)122 and the Upper Extremity Functional Index 

(UEFI).141  This item bank was used to evaluate an individual’s ability to perform activities of 

daily living on a 5-point scale with rating from unable (1) to no difficulty (5).  The items 

included questions about how much difficulty a respondent encountered when performing the 

listed activity with his/her upper extremity (e.g., blow dry your hair, grooming, etc).  This item 

bank was found to have high discrimination (mean slope parameter estimates was 1.622) and 

item mean difficulty (-0.401) slightly below the mean of sample ability (-0.016) in logits.  
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Moreover, the item bank provided the most information about an individual’s ability level at the 

middle of the ability distribution.  The psychometric analyses of the item bank were 

implemented based on Generalized Partial Credit Model (GPCM),148 a polytomous IRT model, 

using PARSCALE158 computer program. 

Subjects 

Data were obtained from Focus on Therapeutic Outcome Incorporated (FOTO, Inc.), 

which provides evaluation packages to monitor the functional outcomes of outpatient 

populations in rehabilitation.119  Six hundred and fifty-one individuals with Upper Extremity 

Musculoskeletal disorders from various outpatient clinics throughout the United States 

completed both the DASH and UEFI.  These individuals answered questions from the DASH 

and UEFI at the initial evaluation.  Two hundred and nine of these participants completed the 

DASH, UEFI and a global rating of condition change (GRC) at discharge.  The demographic 

distributions of the participants at first evaluation and discharge were similar.  The average years 

of age were 47.38±13.75 and 48.56±12.98 for the participants at first evaluation and discharge, 

respectively (Table 4-1).  About half of these participants at first evaluation and discharge were 

female (49.22% and 48.8 %, relatively) (Table 4-1).  The majority of these participants at first 

evaluation or discharge had no surgical history (50.32%, 46.63%, respectively) (Table 4-1).  The 

most frequent treated body part was shoulder (45.48% and 54.1% for first evaluation and 

discharge, respectively) (Table 4-1).  The majority of these participants were from the North 

Central United States followed by the South Atlantic United States (Table 4-1). 

Data Analysis Procedures 

Creating a static short form 

Several methods have been applied to develop static short forms from original tests.  The 

most common procedure utilized is deleting items with low-total score correlations.  This 
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method, based on the Classical Test Theory (CTT) framework, removes items that have little 

impact on the overall internal consistency of the assessments.  After using item-total correlation 

coefficients to select items, IRT was used with the selected items to obtain ability estimates and 

standard errors of ability estimates.  Recently, several studies have developed static short forms 

under the IRT framework.202-204  Methods used for selecting items in these studies have included 

choosing items based on test information, item difficulty coverage, and most frequently 

administered items in CAT.  For the present study, all of the above approaches were compared in 

order to develop the 10 item short form.  In general, these approaches used to create a static short 

form based on the IRT framework were found to outperform those based on the CTT framework 

in terms of mean standard error (SE) ability estimates, bias (differences between ability estimates 

from each static short form and original full scale) (Table 4-2), and correlation with the ability 

estimates from original full scale.  The static short form which consisted of items with the high 

test information covering widest range of ability distribution produced the lowest mean SE 

compared to other IRT approaches (Table 4-2).  Therefore, a static short form with 10 items 

created based on test information was used as a comparison to CAT in the present study. 

CAT simulation 

The CAT simulation program, SIMPOPLYCAT, developed by Chen and Cook193 was used 

for the CAT simulation in this study.  The CAT started with an initial estimation of ability at 

zero and administered the most informative item at this ability level.  After receiving the 

response to the first item, CAT refined the respondent’s ability estimate with expected a 

posteriori (EAP) estimation method.  The test continued until the participant answered a 

maximum of 10 items.  This testing procedure was selected because in our previous study the 

EAP estimation method tended to have lower SE of ability estimates than maximum likelihood 
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estimation (MLE) method.  The stopping rule of maximum 10 items was selected to correspond 

with the number of items on the static short form used in this study. 

Analyses 

A series of analyses were conducted to compare the measurement properties of CAT with 

10-item stopping rule (CAT-10) with a 10-item static short form (Short Form-10).  First, real-

data simulations were implemented to obtain the ability estimates and associated SE from CAT 

and the static short form for participants at first evaluation.  That is, we assumed that the 

participants would respond identically in the CAT administration as he/she responded in the full 

administration of the test.  Paired-samples t tests were used to compare the precision of ability 

estimates from CAT and the static short form.  The precision was determined based on the SE 

and bias of ability estimates.  Bias was defined as the difference of ability estimates from 

original full test and CAT or the static short form.  The correlations between the original full test 

and CAT or the static short form were used to determine the score comparability.  Structural 

equation modeling implemented in LISREL 8.8196 was used to compare the correlation between 

ability estimates from the full test and CAT and correlation between ability estimates from the 

full test and the short form.197, 198 

The second analysis was implemented using data from individuals who answered the 

global rating of condition change (GRC) question at discharge.  The GRC used in this study was 

a patient-rated item indicating how much their conditions changed since their first therapy 

session on a scale from -7 to +7.  While -7 indicated that their conditions were much worse than 

the first visit, +7 indicated that their conditions were much better than the first visit.  The 

differences of ability estimates between first evaluation and discharge from CAT and the short 

form were correlated with the GRC.  These correlations were compared by using structural 

equation modeling197, 198 implemented in LISREL 8.8.196 
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Results 

Score Precision 

In general, the full scale had lowest SE of ability estimates followed by the CAT-10 (Table 

4-3 and Figure 4-1).  The SE and absolute bias of ability estimates from the CAT-10 was 

significantly smaller than that from static Short Form-10 (t=-9.486, p<0.05 and t=-4.454, 

p<0.05), though the SE of both administration methods were identical for the middle of the scale 

(-.75 to .5 logits) (Figure 4-1).  Compared to CAT-10, the ability estimates from Short Form-10 

were more biased at the extreme of the ability continuum (Figure 4-2).  The Short Form-10 

showed the most evidence of floor and ceiling effects, with 1.1% of the participants selecting the 

lowest possible response category on all 10 items and 4.1% selecting the highest possible 

response category on all 10 items (Table 4-3). 

Score Comparability 

Both the ability estimates from CAT-10 and Short Form-10 had highly significant 

correlation with those from the full scale (0.98 and 0.97, respectively).  The correlation between 

the full scale and CAT-10 was significantly higher than that between the full scale and Short 

Form-10 ( 79.372 =χ , p<0.05).  The ability estimates at the extremes of the Short Form-10 

ability continuum were less predictive of ability estimates from the full scale than were ability 

estimates in the middle of the Short Form-10 (Figure 4-3). 

Detecting Change 

There was an extreme change score based on each of Full Scale, CAT-10, and Short Form-

10 (4.25, 4.23, and 4.07 logits for Full Scale, CAT-10, and Shot form-10, respectively).  

Therefore, this extreme change score of each condition was excluded for correlation analysis.  

The change scores from the full scale and CAT-10 had moderate correlation with the patient’s 

GRC (r=.453, p<.001, r=.442, p<.001) (Figure 4-4).  The correlation between change scores from 
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the full scale and GRC was not significantly different from that between change scores from 

CAT-10 and GRC ( 3375.2 =χ , p=.56).  The change scores from the Short Form-10 had low 

correlation with the patient’s GRC (r=.37, p<.001) (Figure 4-4).  It should be noted that Figure 4-

4 suggests a non-linear relationship of GRC to full scale, CAT-10, and Short Form-10 (Figure 4-

4).  That is, the amount of UE function changes from the full scale, CAT-10, and Short Form-10 

was different from the GRC scores.  For example, several respondents reported their global 

condition changes as 6 from the GRC, but the full scale, CAT-10, and Short Form-10 produced 

different amount of change scores for these respondents.  Furthermore, each of full scale, CAT-

10, and Short Form-10 resulted in a substantial number of negative gain scores (34, 32, and 37, 

respectively), but almost none of the individuals with these negative gain scores exhibited 

negative scores on GRC (Figure 4-4). 

Discussion 

In general, CAT produced more precise ability estimates (smaller standard error of ability 

estimates and less biased ability estimates) than the static short form.  Moreover, the ability 

estimates from the full test were more comparable to the CAT than to the static short form.  

Compared to the static short form, change scores from the CAT had a higher correlation with the 

patient global rating of condition change. 

Overall, the ability scores estimated from the CAT had better precision than those from the 

static short form.  The standard error of ability estimates from the CAT was significantly smaller 

than the static short form.  This finding was supported by Haley and colleagues25 and Ware and 

colleagues50 studies.  It appeared that the precision of ability estimates was sacrificed at the high 

and low ability levels.  This finding may result from the static Short Form-10 having few items 

providing high information for respondents with high and low ability.  While CAT-10 had the 
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advantage of selecting the most informative items based on ability levels, the static Short Form-

10 was limited in that it administered the same items to all respondents.  Therefore, compared to 

the CAT, a static short form produced less precise ability estimates. 

Although both the ability estimates from the CAT-10 and the static Short Form-10 had a 

significantly high correlation with the ability estimates from the original full test, the correlation 

between CAT-10 and full test was significantly higher.  That is, the scores estimated from the 

CAT-10 were more comparable to the full test than those from the static Short Form-10.  This 

finding again was supported by Haley and colleagues25 and Ware and colleagues50 studies.  The 

ability estimates from the static Short Form-10 showed slightly lower correlations with the full 

test than did the CAT (0.97 and 0.98, respectively).  While the correlation between Short Form-

10 and full test was statistically significantly different from that between CAT-10 and full test, 

the 0.01 difference may not have practical meaning. 

The change scores from the CAT-10 correlated with the patients’ GRC as well as the full 

test (r=0.442 and 0.453, respectively).  Both change scores from the CAT-10 and the full test 

correlated with patients’ GRC statistically better than the static short form (r=.37), although the 

differences may not be important practically.  Several notable findings were necessary to be 

addressed.  First, all of these different forms of assessments had low to moderate (0.37 to 0.453) 

correlations with the patient-rated GRC.  Second, there was a possibility of nonlinear correlation 

between GRC and each format of the tests (i.e., full scale, CAT-10, and Short Form-10).  That is, 

the amount of UE function changes from the full scale, CAT-10, and Short Form-10 was 

different from the GRC scores.  For example, several respondents reported their global condition 

changes as 6 from the GRC, but the full scale, CAT-10, and Short Form-10 produced different 

amount of change scores for these respondents.  Furthermore, each of full scale, CAT-10, and 
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Short Form-10 had substantial number of respondents having negative gain scores, but almost 

none of these respondents indicated that their conditions became worse at discharge.  In other 

words, while the UE function assessment indicating these individuals’ UE function decreased, 

these individuals did not report their overall condition worsened.  These findings implied that a 

self-report of UE function may not reflect the person’s perception of his/her overall condition 

change.  That is, the GRC might be insufficient to be used as an external criterion for this 

instrument. 

The present study has several limitations.  First, all the ability estimates in the present 

study resulted from real-data simulation.  In other words, we assumed that the answers to the 

subset of those items selected by the CAT and the static short form would be identical to the 

answers given while all items were administered.  Although the real-data simulations are likely 

to have approximately the same results as actual CAT administrations,199 future studies on CAT 

and short form comparison with CAT and the static short form in live situations is warranted. 

A second limitation involved the sample used for this present study.  While the sample size 

at first evaluation is considered sufficiently large for IRT analyses,174 the sample was much 

reduced at discharge due to the requirement of having subjects who completed the DASH, the 

UEFI, and GRC at both first evaluation and discharge.  Even though the demographic 

distribution of the participants at first evaluation was comparable to those at discharge, there is a 

potential that participants who completed the DASH, UEFI, and GRC at discharge differed on 

relevant variables from those at first evaluation.  The last limitation involves the variable, GRC, 

used as an external criterion to determine the ability of an assessment to detect patients’ 

condition change.  While other researchers have used GRC to examine the ability of an 

assessment to detect patients’ conditions changes, there are two reasons why the soundness of a 
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study may be compromised when the GRC is used as an external standard.  First, patients rated 

the outcome measures and the GRC at the same time (discharge); therefore, the criterion (e.g., 

GRC) is not independent of the measure (e.g., full test, CAT-10, and Short Form-10) under 

study.  That is, it is more likely that patients who answered GRC as “condition improved” may 

respond to the measures indicating their UE function improved.  Secondly, evidence suggests 

that patients have difficulty recalling their initial state and consequently may inaccurately rate 

the amount of change that has taken place.206-208  Therefore, studies with other external criteria 

are needed to investigate the ability of CAT-10 and Short From-10 to detect condition change. 

Conclusions 

In summary, the CAT outperformed the static short form in terms of measurement 

precision, score comparability and ability to detect condition change.  Further, CAT produced 

more precise measures for the individuals with ability levels at the extremes of the ability 

continuum.  Therefore, implementation of CAT to evaluate health status of upper extremity 

patients is recommended when it is feasible. 
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Table 4-1.  Demographic information of patients at rehabilitation intake and discharge 
    First Evaluation Discharge 
  n=627 n=206 
Age (mean ± SD, min, max in years)  47.38 ± 13.75, 18, 87 48.56±12.98, 18, 86 
 Age 18 to <45 263 79 
 Age 45 – 65 306 110 
 Age >65 58 17 
    
  n=638 n=209 
Gender (% female) 49.22 48.8 
    
Acuity of symptoms n=638 n=209 
 Acute (0 - 21 days) (%) 91.54 97.1 
 Subacute (22 - 90 days) (%) 3.13 0.5 
 Chronic (>90 days) (%) 5.33 2.4 
    
Surgical history n=634 n=208 
 None (%) 50.32 46.63 
 One (%) 26.81 24.04 
 Two (%) 12.15 16.83 
 Three (%) 6.62 7.2 
 Four or more (%) 4.1 5.3 
    
Body part to be treated n=642 n=209 
 Cervical (%) 25.08 28.2 
 Elbow (%) 11.21 8.6 
 Shoulder (%) 45.48 54.1 
 Wrist/Hand (%) 18.22 9.1 
    
Region n=642 n=209 
 Mid Atlantic (%) 6.23 0 
 Mountain (%) 4.98 1.9 
 North Central (%) 46.11 54.5 
 Pacific (%) 9.03 1 
 South Atlantic (%) 21.50 22.5 
  South Central (%) 12.15 20.1 
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Table 4-2.  Descriptive statistics for item slope estimates, item threshold estimates, standard error (SE), and bias in short forms 
developed based on classical test theory (CTT), test information, item difficulty, and most frequently administered items 
(n=651) 

  Slope Threshold SE Bias 
Short Forms Mean SD Mean SD Mean SD Mean SD 
CTT 2.023 0.251 -0.392 0.266 0.239 0.091 0.045 0.273 
Test Information 2.132 0.166 -0.366 0.358 0.225 0.08 0.02 0.242 
Item Difficulty 1.58 0.515 -0.387 0.602 0.262 0.07 0.014 0.236 
Frequently Administered 1.977 0.389 -0.162 0.047 0.229 0.075 0.015 0.238 

 

Table 4-3.  Descriptive statistics for ability estimates, standard error (SE), and bias in full scale, CAT, and the static short form at first 
evaluation (n=651) 

  Ability Estimates SE Bias Absolute Bias Ceiling Floor 
Scales Mean SD Mean SD Mean SD Mean SD (%) (%) 
Full Scale -0.016 0.985 0.135 0.056 0 0 0 0 0.5 0.3 
CAT-10 -0.003 0.954 0.209 0.064 0.013 0.195 0.151 0.123 0.8 0.3 
Short Form-10 0.004 0.929 0.225 0.08 0.02 0.242 0.181 0.163 4.1 1.1 
Note: the ability estimates are in logits. 
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Figure 4-1.  Standard error of ability estimates from full scale, CAT-10 and static Short Form-10.  

The graph represented the conditional standard errors of ability estimates plotted 
against the full scale ability estimates classified into 14 ability level ranges (below -3, 
-3 to -2.5, -2.5 to -2, -2 to -1.5, -1.5 to -1, -1 to -.5, -.5 to 0, 0 to .5, .5 to 1, 1 to 1.5, 
1.5 to 2, 2 to 2.5, 2.5 to 3, above 3). 
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Figure 4-2.  Bias of CAT-10 and Short Form-10.  The graph represented the conditional bias 
plotted against the full scale ability estimates classified into 14 ability level ranges    
(below -3, -3 to -2.5, -2.5 to -2, -2 to -1.5, -1.5 to -1, -1 to -.5, -.5 to 0, 0 to .5, .5 to 1, 
1 to 1.5, 1.5 to 2, 2 to 2.5, 2.5 to 3, above 3). 
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Figure 4-3.  Scatter plot of ability estimates from the full scale and CAT-10 and Short Form-10. 

A) represented the scatter plot of ability estimates from the full scale and CAT-10; B) 
represented the scatter plot of ability estimates from the full scale and Short Form-10.  



 

99 

A 

-6
-4
-2
0
2
4
6
8

-2 -1 0 1 2 3 4

Full Scale Change Scores in Logits

G
R

C

 

B 

-6
-4
-2
0
2
4
6
8

-2 -1 0 1 2 3 4

CAT-10 Change Scores in Logits

G
R

C

 

Figure 4-4.  Scatter plot of global rating of condition change (GRC) and change scores from full 
scale, CAT-10, and Short Form-10. A) represented the scatter plot of GRC and 
change scores from full scale; B) represented the scatter plot of GRC and change 
scores from CAT-10; C) represented the scatter plot of GRC and change scores from 
Short Form-10 

r=.453 

r=.442 
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Figure 4-4.  Continued 

 

r=.37 
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CHAPTER 5 
CONCLUSIONS 

To monitor the effectiveness of interventions for individuals with upper extremity 

musculoskeletal disorders (UEMD), measurement of treatment outcomes is essential.  Recently, 

patient reported outcome measures (PROs), which measure patients’ health status based on 

patients’ perspectives, have drawn scientists’ and policy makers’ attention to evaluating 

treatment outcomes for individuals with UEMD.109, 209-214  This is because traditional impairment 

measures, such as muscle strength, range of motion, and sensation, are insufficient to provide 

information regarding individuals’ function in their daily lives.107, 108  A critical challenge in 

applying PROs to clinical trials or clinical practice is the time required to assess a patient’s 

health status.  Existing PROs measuring UEMD usually consist of more than 20 items.  For 

example, the Disabilities of the Arm, Shoulder, and Hand (DASH) outcome questionnaire 

consists of 30 items,123 the Upper Extremity Functional Index (UEFI) 20 items,141 the 

ABILHAND 46 items,215, and the Michigan Hand Outcome Questionnaire (MHQ) 37 items.216 

In order to minimize patients’, administrators’, and researchers’ burden, a short assessment 

is necessary for use in clinical trials and clinical practice.4, 11  While several short assessments 

exist for UEMD, e.g., Upper Extremity Function Scale (UEFS) (8 items)217 and Quick DASH 

(11 items),130 relative to the full instruments, these short forms usually demonstrate measurement 

precision loss and ceiling or floor effects.201  Computerized adaptive testing (CAT) has the 

advantage of producing precise ability scores with relatively few items.13-18  This is because 

CAT, based on an item response theory (IRT) framework, administers only items relevant to a 

person’s ability level.13-18  In light of this unique property of CAT, health scientists and funding 

agencies have put significant efforts into examining the feasibility of implementing CAT in 
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healthcare.23-31, 38-40, 42-48, 50, 51, 112, 115, 218  In general, studies of CAT in healthcare have found that 

as few as 6 to 10 items are necessary to achieve the desired measurement precision.23, 25, 29-31, 37, 50 

While CAT appears to be promising and perhaps revolutionizes the manner of measuring 

an individual’s ability in clinical research/practice, the methodological issues related to CAT 

development necessities further investigation.  For instance, studies detailing methods for 

creating item banks and choosing the optimal testing algorithm of CAT are needed.  Moreover, it 

is essential to examine to what extent CAT outperforms a traditional static short assessment.  

This is because computer technology may not be available in some clinical settings and 

completely changing the evaluation system to a computerized system may be financially 

impractical.  The purpose of this dissertation involved four steps.  First, the methodological 

issues related to developing CAT were reviewed.  In addition, the present statuses of CAT in 

healthcare were summarized and suggestions were made relative to future CAT development.  

Second, the psychometrics of an item bank measuring upper extremity function for individuals 

with UEMD were evaluated based on the IRT framework.  Third, the impact of testing 

algorithms on ability scores estimated from CAT was investigated.  Finally, the measurement 

properties of CAT were compared to those of a static short form. 

Chapter 1 described the methodology used in developing CAT.  Usually the CAT 

development involves two steps.  The first step is to create an item bank to measure a construct 

of interest.  Second, a testing system applicable to CAT must be generated.  The methodological 

issues associated with the item banking for CAT include the dimensionality of the item bank, 

IRT model, and differential item functioning (DIF). 

One assumption of IRT models is unidimensionality.  That is, the items of the item bank 

for CAT should contribute to one construct.  The robustness of ability estimates to the 
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assumption of unidimensionality depends on the characteristics of the items.  For example, when 

the items administered reflected only one of the dimensions and the correlations between the 

dimensions were low, the ability estimates from CAT tended to represent only one of the 

dimensions.  However, if the items administered reflected multiple dimensions (e.g., items have 

high factor loadings on two factors), the ability estimates from CAT evenly represented the 

dimensions.  The robustness of ability estimates to IRT model-data misfit is inconclusive.  While 

one study found model misspecification resulted in increased incorrect classifications of 

examinees from CAT,83 other studies found CAT produced reasonably precise ability estimates 

even with 17% to 45% misfitting items37, 82.  When an item displays DIF, respondents with 

different group memberships have a different probability of endorsing that item even though they 

have the same level of ability.  CAT administers only items relevant to the respondent’s ability 

level and subsequently fewer items are required in CAT.  As a consequence, in CAT an item 

which displays DIF may have greater impact on ability estimates than in a static testing situation.  

However, to our knowledge, no studies have investigated the robustness of CAT to DIF. 

Testing algorithms of CAT involve three components: 1) item selection, 2) ability 

estimation, and 3) test stopping rules.  Several alternatives are available for each component.  

The most frequently used CAT item selection approach in healthcare is selecting an item with 

the highest information at the present ability level.  The advantage of administering the most 

informative items is maximizing the precision of person ability measures produced from CAT.  

The disadvantage of using the maximum information item selection method is that the chosen 

item maximizes the information at the current ability estimate instead of at the true ability.  As a 

result, biased ability estimates could be obtained in which the estimated ability is far from the 

true ability.  However, this problem appears to be overcome when more items are administered. 
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The most commonly used ability estimation methods of CAT are expected a posteriori 

(EAP) (one of Bayesian approaches) and maximum likelihood estimation (MLE).  Compared to 

MLE, standard error (SE) of ability estimates from EAP are smaller, fewer number items are 

required to achieve the desired measurement precision and the ability estimates from EAP are 

more comparable to those from the full test.  In contrast to EAP, MLE results in less biased 

ability estimates.  However, the impact of ability estimation methods on the ability estimates 

from CAT appears to be insignificant when the one-parameter logistic polytomous IRT model is 

used. 

The final feature of testing algorithm of CAT that was reviewed was stopping rules.  The 

test termination criteria can be classified as static and dynamic stopping rules.  While a static 

stopping rule terminates a test when a minimum or maximum number of items are administered, 

a dynamic stopping rule terminates the test when the pre-set precision of ability estimates is 

achieved.  In general, as the test length required increases, precision of ability estimates increase, 

i.e., the CAT produces more precise ability estimates.  However, the dynamic stopping criterion 

has the advantages of better utilizing the item bank in terms of item exposure and producing 

equiprecise measurement.  Therefore, when time is not an issue in a testing situation or 

individuals responding to a different number of items would not affect their performance, e.g., if 

fatigue is not an issue, a dynamic stopping rule is preferred. 

Chapter 2 investigated the psychometrics of an item bank created by pooling items from 

the Disabilities of Shoulder, Arm, and Hand (DASH) outcome questionnaire and the Upper 

Extremity Functional Index (UEFI).  A confirmatory factor analysis (CFA) provided mixed 

results in terms of the unidimensionality of the item bank.  While CFI and RMSEA did not 

satisfied the criteria of the one-factor model, the SRMR and TLI and large item variances 
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explained by the one-factor model did satisfy the one-factor model criteria.  In order to develop 

an assessment which measures a wider range of ability, the assumption of unidimensionality may 

be violated to some degree.57, 63, 64  Further, using strictly unidimensional tests could lead to an 

increasing number of narrow tests with few items and low predictive validity.65  Therefore, we 

concluded that the item bank representation of upper extremity function sufficiently achieved 

unidimensionality. 

Although thirty-one percent of the items appeared to misfit in the generalized partial credit 

model (GPCM) (one of the two-parameter logistic polytomous IRT models), the GPCM fit the 

data better than partial credit model (one of the one-parameter logistic polytomous IRT models).  

De Ayala, Dodd, and Koch82 found CAT produced reasonably precise measures even with about 

45% items misfitting the partial credit model.  Moreover, GPCM is appropriate to format the 

items of the item bank because the items have ordered responses and it is expected that the item 

discrimination varies across the items.  Therefore, GPCM was used to characterize the 

relationship between items and respondents’ ability.  Overall, the item bank consisted of items 

with high slope parameter estimates (greater than 1) and the average threshold parameter 

estimates were slightly below the mean of the ability distribution.  However, the test information 

function was almost parallel to the ability distribution and peaked at the middle of the ability 

continuum.  In other words the item bank provided the most information for individuals with an 

ability level at the middle of the ability continuum.  No significant DIF across different UE 

impairment groups (neck, shoulder, elbow, and wrist/hand) occurred in the item bank.  That is, 

individuals with the same UE function have the same probability of endorsing the items even 

though they have different regions of UE impairments. 
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Chapter 3 examined the impact of testing algorithms on the ability estimates from CAT.  

Two ability estimation methods (EAP and MLE) combined with static (maximum 5, 10, and 15 

items) and dynamic (SE below 0.3 and 0.4) stopping rules were investigated.  Overall, the results 

indicated that as the test length increased the precision of ability estimates increased.  In 

comparison to the ability estimates from MLE ability estimation, the ability estimates from EAP 

estimation were more precise and comparable to the full test.  The bias of ability estimates from 

EAP ability estimation was not significantly different from MLE ability estimation.  While some 

studies have shown that MLE tends to produce less biased ability estimates, this was not the case 

in the present study.  This finding could be due to the characteristics of high mean slope 

parameter estimates of the item bank used in CAT.  The overall measurement precision and score 

comparability of EAP ability estimation with maximum 5 items stopping rule were similar to 

those from EAP ability estimation with SE at 0.3 stopping rule.  However, CAT under EAP 

ability estimation with SE at 0.3 stopping rule produced equiprecise measurement for the ability 

level from -2 to 2 logits. 

Finally, chapter 4 compared the performance of CAT to a static short form in terms of 

overall measurement precision, score comparability, and ability to detect change.  A static short 

form consisting of 10 items constructed to provide the highest test information was developed to 

be compared to CAT under EAP ability estimation with maximum 10 items stopping rule.  In 

comparison to the static short form, CAT produced more precise ability estimates and the scores 

from the CAT were more comparable to full test.  While the change scores from the static short 

form were only weakly correlated with patients’ global rating of condition changes (GRC), the 

change scores from CAT were moderately correlated with patients’ GRC.  In other words, CAT 
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was more able to detect condition change than the static short form when GRC was used as an 

external criterion to determine the amount of real condition changes. 

There are several limitations associated with the current study.  The first limitation 

involves the sample used.  Only patients who answered both the DASH and the UEFI were 

selected for this study.  Individuals taking both the DASH and the UEFI may be potentially 

different from those taking either the DASH or the UEFI.  A second limitation is a fairly limited 

item bank.  Although the item bank was developed by pooling items from the DASH and the 

UEFI to increase the bandwidth in measuring UE function, the item bank had few items 

measuring the extremes of UE function.  Third, we investigated only a limited number of 

methods regarding the dimensionality and DIF of the UE item bank.  For instance other methods 

include full-information item factor analysis, bi-factor methods to investigate dimensionality of 

an item bank; general IRT-based likelihood-ratio test to investigate DIF.  Furthermore, DIF 

could be examined across other demographic variables (e.g., gender, age, etc).  The final 

limitation of this study is real-data simulation was used.  In other words, we assumed that the 

answers to the subset of those items selected by the CAT would be identical to answers given 

when all items were administered.  A better simulation would be to include a probabilistic 

function for selecting a particular answer to each question. 

In summary, the goal of this project was to illustrate the methodological issues related to 

CAT development, to investigate the item bank of measuring UE function, examine the impact 

of testing algorithms on CAT performance, and to compare whether CAT outperforms a static 

short form.  The testing algorithm which optimizes the CAT is inconclusive.  This is because 

factors other than item selection approaches, ability estimation methods, and stopping criteria 

could affect the ability estimates from CAT.  For example, item bank characteristics and the 
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underlying ability distribution can influence CAT performance.  Therefore, investigation of 

which testing algorithm is most appropriate for a CAT with a certain item bank and purpose 

(classification, group comparison or rank order) is suggested before applying CAT in real testing 

situation.  Furthermore, CAT outperformed a static short form in terms of producing more 

precise measures and measures more comparable to the full test.  Therefore, applying CAT in the 

evaluation system when it is applicable (e.g., computer is available in clinical settings, 

respondents are comfortable in using computer for evaluations) is recommended. 

The hope of this project was to move a step forward to developing outcome measures for 

evaluating UE function for individuals with UEMD.  This present study provides directions for 

selecting appropriate testing algorithms for CAT with the present item bank measuring UE 

function.  It is evident that CAT produced precise measures with few items administered (e.g., 

CAT produced measures with reliability over 0.9 with only 5 items administered).  Moreover, 

CAT outperformed a static short form in terms of measurement precision and score 

comparability to full test.  Therefore, the conclusion drawn from this study is that CAT has the 

potential to be implemented in the evaluation system in clinical research/practice to measure UE 

function for individuals with UEMD. 

Several future studies should be conducted to further understand the performance of CATs 

for measuring UE function.  First, studies are needed to investigate whether the characteristics of 

the patients who completed only the DASH or the UEFI differ from those who completed both 

the DASH and UEFI.  Second, investigations are necessary involving the use of alternative 

methods to validate the results of unidimensionality and DIF across body part impairment.  

Third, future studies are needed to validate the results of CAT testing algorithms’ effects and 

comparison with the static short form in real testing situations. 
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