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Abstract
Objective—To illustrate how measurement practices can be advanced using as an example the
fatigue item bank (FIB) and its applications (short-forms and computerized adaptive test) that
were developed via the NIH Patient Reported Outcomes Measurement Information System
(PROMIS) Cooperative Group.

Design—Psychometric analysis of data collected by an internet survey company using Item
Response Theory (IRT) related techniques.

Setting—A United States general population representative sample collected via internet.

Participants—803 respondents used for dimensionality evaluation of the PROMIS FIB and
14,931 respondents used for item calibrations

Interventions—Not applicable.

Main Outcome Measures—112 fatigue items developed by the PROMIS fatigue domain
working group, 13-item Functional Assessment of Chronic Illness Therapy-Fatigue, and 4-item
SF-36 Vitality scale.

Results—The PROMIS FIB version 1 which consists of 95 items demonstrated acceptable
psychometric properties. Computerized Adaptive Testing (CAT) showed consistently better
precision than short-forms. However, all three short-forms showed good precision for the majority
of participants, in that more than 95% of sample could be precisely measured with a reliability
greater than 0.9.

Conclusions—Measurement practice can be advanced by using a psychometrically sound
measurement tool and its applications. This example shows that CAT and short-forms derived
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from the PROMIS FIB can reliably estimate fatigue reported by the US general population.
Evaluation in clinical populations is warranted before the item bank can be used for clinical trials.
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PROMIS; fatigue; CAT; short-form

Measuring patient health-related quality of life and symptoms in a brief-yet-precise manner
has been a challenge. Given the rapid growth of the computer technology and the advances
in modern test theory such as item response theory (IRT), the patient-reported outcomes
(PRO) assessment field has matured to a point where patient assessment is rapidly becoming
computerized. Computer-based testing allows for more frequent assessments and immediate
feedback with minimal burden on patients and providers.1 With available IRT-calibrated
item banks including large numbers of questions, static short forms and computer adaptive
testing (CAT) of varying lengths can be constructed using various strategies to efficiently
estimate a person’s score on a unidimensional measure.

More than a collection of items, an item bank is comprised of items calibrated by the item
response theory (IRT) models.2–5 The items in a bank are concrete manifestations of
positions along that continuum that represent differing levels of that trait. A
psychometrically-sound item bank can provide a basis for designing the best set of questions
for any particular application. An IRT-calibrated item bank makes it possible to compare the
trait levels of two patients who respond to different sets of questions in the bank. A
significant advantage of an item bank is that it provides the foundation for the development
of dynamic CAT platforms and static fixed length short-forms.6, 7 Fixed-length short-forms
in which a subset of bank items can be selected from across the trait spectrum to produce a
static instrument can be used when access to computers is limited. The scores produced by
any of the instruments created from the calibrated bank are calibrated on the same
continuum and are comparable regardless of the specific questions asked of a given
individual or group of respondents.8, 9 Computerized adaptive testing is a dynamic process
of test administration in which items are selected on the basis of the patients’ responses to
previously administered items.10 This process utilizes a computerized algorithm to custom
select the most informative items from the item bank which is targeted on the estimated
person level (e.g., fatigue), where estimated person level is based upon the patient’s previous
responses at each point in the test. The CAT is further administered under specific test
specifications, such as content coverage and test length. For example, it allows fine-grained
assessment of those with both low and high levels of the construct by presenting questions
appropriate for each person (many low-difficulty questions for the former person and many
high difficulty questions for the latter). In this paper using fatigue as an example, we
demonstrated how applications from a psychometrically sound item bank can enhance the
rehabilitation practice.

Fatigue is a common complaint for people with chronic illness seen in rehabilitation settings
and a potential cause of disability in may disease processes such as cerebral palsy,11

cardiopulmonary disease,12 rheumatology,13 stroke,14 and multiple sclerosis.15 Using cancer
as an example, depending on the criterion and the assessment tools being used, the
prevalence rates ranged from 18% to 96%.16, 17 Not only for people with chronic illness,
approximately 20% of men and 30% of women in the general population complain of
frequent tiredness.18 As a symptom, fatigue is defined as a subjective sensation of weakness,
lack of energy or tiredness.19 As a syndrome, it has been defined as an overwhelming,
sustained sense of exhaustion and decreased capacity for physical and mental work.20
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Fatigue can be distinguished as primarily physiological (e.g., muscle strength, exercise
tolerance, or maximal oxygen capacity after exercise) or self-report (i.e., patients’
perceptions of fatigue and its consequences). There have been an on-going debate whether
fatigue should be considered as uni-dimensional or multi-dimensional and various scales
have been developed accordingly, such as the Functional Assessment of Chronic Illness
Therapy - Fatigue (FACIT - F),21, 22 the Brief Fatigue Inventory,23 the Piper Fatigue
Scale,24 the Multidimensional Fatigue Inventory,25 and the Fatigue Symptom Inventory.26

Lai and her colleagues6, 27 evaluated dimensionality of fatigue using various approaches.
They concluded fatigue is sufficiently unidimensional from a measurement’s perspective
and it is reasonable to report fatigue by using a single score. A brief-yet-precise fatigue
assessment that is easily implemented in clinics is critical to facilitate early identification of
fatigue experienced by patients. Applications from a comprehensive fatigue item bank, such
as computerized adaptive tests (CAT) and short-forms, are the best candidates to fulfill this
goal.

The Patient Reported Outcomes Measurement and Information System (PROMIS,
www.nihpromis.org) is a National Institute of Health (NIH) Roadmap initiative to develop
item banks to measure patient-reported symptoms and other aspects of health-related quality
of life across various condition and disease populations, including patients commonly seen
in rehabilitation clinics. To date, PROMIS has developed numerous items banks including
physical function, emotional distress, pain, social function and fatigue. This paper illustrates
the development of the PROMIS fatigue item bank version 1 (FIB), the resulting short-
forms and CAT, and their potential contributions to the rehabilitation practice.

METHOD
Sample

Data obtained from PROMIS Wave 1 testing were used for this study. The sampling plan is
documented in Cella et al (in the same issue). The full bank sample (i.e., participants who
were assigned to complete all items included in the fatigue item pool) was used to determine
dimensionality of fatigue, while both full bank and block data (i.e., participants who
completed 7 items measuring fatigue experience, 7 fatigue impact and also 7 items from
each of all other 12 domains included in the PROMIS Wave 1 testing) were used for item
parameter estimation. These 12 domains are; anxiety, depression, alcohol abuse, anger,
physical function, fatigue experience, fatigue impact, social health/role performance, social
health/ role satisfaction, pain interference, pain quality, and pain behavior. In the full bank
analyses, participants were included in the analysis if 1) they responded to 50% or more of
the items; 2) they did not have repetitive strings of 10 or more identical responses; and 3)
their response time was greater than 1 second per item.

Fatigue Item Pool Generation
The initial PROMIS fatigue item pool consisted of 112 items tapping two conceptual areas:
individual’s fatigue “experience” and impact of fatigue on an individual’s daily living (i.e.,
“impact”). All items were drafted from literature review, patient focus groups and individual
cognitive interviews.28 The “experience” bank contained 54 items measuring intensity,
frequency or duration of fatigue; while “impact” bank contained 58 items measuring impact
on physical function, emotional function or social function. Five-point rating scales were
used to measure intensity (Not at all/A little bit/Somewhat/Quite a bit/Very much),
frequency (Never/Rarely/Sometimes/Often/Always), or duration of fatigue (None/1 day/2–3
days/4–5 days/6–7 days). Additionally, the 13-item Functional Assessment of Chronic
Illness Therapy-Fatigue (FACIT-F)21 and 4-item SF-36 Vitality Scale29 were included in the
PROMIS fatigue testing and are referred to as “legacy” measures in the remaining of this
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paper. “Legacy measures” in the PROMIS are referred to those widely used fixed measures
in the field. Selection of the legacy measures is determined by each domain working group
and the PROMIS Steering Committee. We selected FACIT-F and SF-36 Vitality Scale due
to their solid psychometric properties. Legacy measures were included in the calibrated item
banks to facilitate the cross-walk between PROMIS item banks and existing database
established by other studies.

Analysis
As there is no common single indicator agreed upon by psychometricians to evaluate
unidimensionality of items, several approaches were implemented to flag candidates for
removal. The final decision was determined by the PROMIS fatigue working group.
Loevinger’s H as implemented in the Mokken Scale Procedures30 was used to investigate
scalability at both item and scale levels. An item (or scale) would be considered to have
weak scalability when 0.3 ≤H< 0.4, medium when 0.4≤H< 0.5, and strong scalability when
0.5≤H.31 Unidimensionality of items was evaluated by bi-factor analysis, a family member
of confirmatory factor analysis (CFA). Common criteria for fit statistics include root mean
squared error of approximation (RMSEA) <0.08 for adequate fit and <0.05 for good fit;
Tucker-Lewis index over 0.90 or 0.95; and comparative fit index (CFI) over 0.90 or 0.95.32

The challenge of dimensionality assessment is to develop approaches that assess whether a
scale has a strong enough general factor to be considered sufficiently unidimensional,
because no complex item set will ever perfectly meet traditionally strictly defined
unidimensionality assumptions.33 What we are really interested in assessing is whether the
trait level estimates are predominantly influenced by a general factor. Cook et al34, based on
a series of simulations with various data distributions and numbers of items, concluded that
traditionally used fit values are sensitive to influences other than dimensionality of the data
and recommend the use of bi-factor analysis as an adequate and informative approach for
developing an item bank. Bi-factor analysis includes two classes of factors: a general factor,
defined by loadings from all of the items in the scale, and local factors, defined by loadings
from pre-specified groups of items related to that sub-domain.27, 33, 35, 36 Items are
considered sufficiently unidimensional when standardized loadings are > 0.3 for all the
items on the general factor. Similarly, if the loadings of all the items on a local factor are
salient, this would indicate that the local factor is well defined even in the presence of the
general factor, and it is more appropriate to report scores of local factors separately.27, 33, 37

The hypothesized model shown in Figure 1 was used for bi-factor analyses. Further, item fit
was evaluated by using S-χ2 and S-G2 developed by Orlando and Thissen,38 which compare
the predicted and observed response frequencies for each level of the scale sum score. Items
with p<.001 are considered poorly fitting the data and are candidates for removal.
Differential item functioning (DIF) by gender and age were evaluated by using ordinal
logistic regression, OLR,39 and a statistical test developed by Mantel40 as described in
Zwick and Thayer.41 The Mantel chi-square DIF statistic is an extension of the Mantel-
Haenszel (MH) test of conditional association.42 Like the MH test, the Mantel DIF test uses
a stratification variable, which is often defined as the sum of item scores. The null
hypothesis states that when members of the reference and focal groups are matched on
stratification variation (i.e., test score), they tend to show the same item scores. For both
OLR and MH, items with p< 0.01 were considered demonstrating DIF. Items that
demonstrated DIF on both gender and age at p <0.01 were not included in the final version
of the PROMIS fatigue item bank. Exclusion/inclusion of items that showed DIF on one of
the DIF approaches was determined by the PROMIS fatigue working group to ensure the
clinical relevance of produced fatigue item bank. Finally, item parameters were estimated
using the Graded Response Model43 as implemented in MULTILOG, which takes both
slopes (discrimination) and threshold parameters (difficulty) into account as we were
interested in both item parameters, and did not intend to exclude discrimination function
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from the final information function estimation. All psychometric approaches chosen by the
PROMIS psychometric team are described elsewhere44 and are not re-introduced here with
the consideration of the length of the manuscript.

We then compared the precision levels along the fatigue continuum, defined by item
parameters of the PROMIS FIB, among three short-forms and CAT by using the error
functions, converted by scale information function. Details of short-form construction and
CAT platform are described in the next sections. An information function (IF) is the
reciprocal of the standard error function. It indicates the maximum accuracy with which a
patient’s fatigue level is estimated at different points along the fatigue continuum, which
varies depending on the location on the fatigue continuum.45–47 High information functions
correspond to high precision of the fatigue estimates (i.e., low error) and vice versa. We
anticipated that these three short-forms would demonstrate different levels of precisions
along the continuum: one more precise for people with moderate fatigue (middle of the
fatigue continuum), another more precise for people with severe fatigue, and the other for
people with mild fatigue. Yet, CAT was expected to show better precision than all short-
forms.

Construction of a Fatigue Short-Form
There are many methods available to construct short-forms. For this paper, three short-forms
were constructed for illustration purposes. The first short-form was content-oriented, in
which seven items were selected by multidisciplinary panels of clinical experts (including
physicians, nurses, pharmacists, and psychologists). Details of this effort are reported in
Garcia et al.48 The other two short-forms were created purely from a measurement
perspective, regardless of content, by using item parameter threshold values obtained from
IRT estimation. The “high-end” short-form consists of seven items, which had the highest
calibrations on the fatigue continuum (i.e., items reflecting the most severe fatigue) and
were not part of the content-oriented short form. This short-form was constructed for use
with people with more severe fatigue. The “low-end” short-form was composed of seven
items with the lowest calibrations on the fatigue continuum (i.e., items reflecting less
fatigue) in order to capture people with mild fatigue. For comparison purposes, all three
short-forms consist of seven items.

Computerized Adaptive Test Platform
We used the first generation PROMIS CAT engine, Firestar,49 in this study. More than one
method is available to choose the first item. In this study, we chose to start CAT with the
item with the maximum information function at the distribution mean (theta=0).
Participants’ scores are re-estimated according to his/her endorsement. Items with the
maximum information function at the re-estimated scores are chosen as the subsequent item
to be administered by the CAT engine. This estimation process continues until the standard
error is < 0.3 or the number of items administered is > 20, whichever comes first. The
engine employs an Expected A Posteriori (EAP) theta estimator and the maximum posterior
weighted information (MPWI) item selection criterion. The MPWI50 selects items based on
the information function weighted by the posterior distribution of trait values. Choi and
Swartz51 demonstrated that MPWI in conjunction with EAP provides excellent
measurement precision for polytomous item CAT, marginally superior to the traditional
maximum information criterion and comparable to other computationally intensive Bayesian
selection criteria. The CAT can be administered on-line or via a stand-alone computer. Thus,
patients can complete CAT testing in clinical settings or at home or any place as long as
internet access is available.

Lai et al. Page 5

Arch Phys Med Rehabil. Author manuscript; available in PMC 2013 June 30.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



RESULTS
Sample

Consistent with all other item banks developed via the PROMIS initiative, full-bank data
were used to evaluate unidimensionality of items while full-bank plus block data were used
for final item calibrations.

Full bank data (used for evaluating dimensionality)—The average age of the 803
participants was 51.8 (SD=17.8; range: 18–89). 55% of the sample was female and 45% was
male; 11% was of Hispanic origin; 81% was white, followed by 10% African American and
9% multiple races. In terms of education, 20% high school or lower, 44% some college,
18% college, and 18% advanced degree. Thirty-four percent of participants reported having
a diagnosis of hypertension, 22% arthritis or rheumatism, 20% depression, 15% anxiety, and
14% asthma, 14% OA or degenerative arthritis, and 14% migraines or severe headache.

Calibration Sample (Full bank and block data combined used for item
calibration)—The average age of the 14,931 participants was 54.1 (SD=16.4; range: 18–
100). 52% of the sample was female and 48% was male; 8% was Hispanic origin; 83% was
white, followed by 8% African American and 8% multiple races. In terms of education, 18%
high school and under, 38% some college, 24% college, and 20% advanced degree, 12%
with family household income < $20,000, 33% between $20,000 and $49,000, 36% between
$50,000 and $99,000, and 19% > $100,000. Forty-three percent reported having
hypertension, 28% arthritis or rheumatism, 28% depression, 20% cancer, 18% migraines or
severe headache, 18% anxiety, 18% OA or degenerative arthritis, 17% asthma, 15% sleep
disorder, 15% diabetes, 14% COPD, bronchitis, emphysema, and 12% angina. All other
diseases were reported by less than 10% of the sample.

Analysis Results
Multiple steps were taken to build the PROMIS fatigue item bank version 1. Figure 2
summarizes our decision making processes with associated analysis results. Decisions made
at each step were based on both psychometric analysis results as well as clinical relevance
determined by the PROMIS fatigue domain group. “Impact” and “experience” items were
initially analyzed separately and then analyzed together to examine whether fatigue could be
reported by using a single score. Items from legacy scales (i.e., 13 from the FACIT-F and 4
from SF36/Vitality) were included in analysis of fatigue experience to enable the cross-walk
between the final PROMIS bank and other disease groups.

For “fatigue impact”, Spearman’s rhos were greater than 0.3 for all except those related to
two fatigue impact items. The same two items also showed low item-scale correlations and
low H in Mokken Scale Procedures analysis and, therefore, were removed from the item
pool. Strong scalability (H=0.7) was found when these two items were removed. Five item-
pairs showed residual correlations greater than 0.2, suggesting potential local dependency
within these pairs; one item of each local of the dependent item-pairs was therefore set
aside. No item was rejected using the fit statistics (S-χ2 and S-G2,38 p >0.01), supporting the
unidimensionality of these items. For “fatigue experience”, seven items showed Spearman’s
rho less than 0.3. Results of the Mokken Scale Procedures showed all items had acceptable
H and the scale coefficient H of 0.7 indicated strong scalability among these items.
However, 10 items were removed due to the local dependency concern. Two more items
were rejected by S-χ2 and S-G2, p <0.01, and therefore were removed from the further
analysis.
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Sufficient Unidimensionality of Overall Fatigue—Seven impact items and 10
experience items were excluded based on the analyses reported above. Bi-factor analysis
results showed that all items had higher loadings on the general factor (i.e., overall fatigue)
than on their local factors (i.e., either “experience” or “impact”). Fit indices were: CFI=0.91;
TLI=1.00; RMSEA=0.10. We were not surprised to find out the RMSEA is slightly higher
than the common RMSEA criterion given the large number of items included in the
PROMIS FIB. Considering the factor loadings and the fit indices, we concluded that the
sufficient unidimensionality of the PROMIS FIB was confirmed. A high Pearson’s
correlation (r=0.95) between “impact” and “experience” confirmed that these two concepts
could be conceptualized as measuring the same underlying construct and could be scaled
together.

A post-hoc content review was conducted to ensure the integrity of the remaining items. The
PROMIS fatigue domain working group decided to remove three items from the pool after
the re-evaluation of item content. In addition, 7 items were rejected by S-χ2 and S-G2, p
<0.01 when the remaining items were re-analyzed together by using the calibration sample.

Differential Item Functioning (DIF)
Four items exhibited DIF on both gender and age when the calibration sample was analyzed
by using ordinal logistic regression. Results showed no items with gender DIF and eight
items with age DIF according to OLR; MH results identified six items with gender DIF and
10 with age DIF. Though no item was identified having DIF on both gender and age by
using both OLR and MH, The PROMIS fatigue working group decided to remove four items
that showed both gender and age DIFs by using MH and showed age DIF by using OLR
after reviewing these items. Finally, three items with potential intellectual property concerns
were set aside and not included in the final calibration. As a result, the PROMIS fatigue item
bank version 1 consists of 95 items,

Relationship with the Legacy Items
We then compared the non-legacy items in the PROMIS fatigue item bank (v1) to the legacy
items (i.e., FACIT-fatigue and the SF-vitality scale). Legacy items were not included in the
FIB when the comparisons were conducted. High correlations were found on all
comparisons. FACIT-fatigue was significantly correlated with “impact” and “experience”,
r=0.93 and 0.94, respectively. Similarly, the SF-36/vitality scale had noteworthy correlations
with the fatigue “impact” and “experience” scores, r=0.85 and 0.90, respectively.

Comparisons of CAT and Short-Forms
A post-hoc CAT simulation was conducted using the full-bank data without missing
responses. The length of CAT was kept the same as the length of the short forms. Therefore,
the CAT stopped after administering the 7th item regardless of the level of error associated
with the fatigue estimate. The first item was selected to provide the maximum expected
information over the prior distribution (a normal distribution). The subsequent items were
selected targeting the posterior distributions, which converge to progressively narrow ranges
as more items are administered. However, we incorporated a random component in item
selection to promote more diverse selection of items for the bank. That is, instead of
selecting the best item all the time, we selected one at random from a set of seven best
candidate items at each stage. Because the Fatigue bank was large, incorporating the random
component in item selection had a negligible impact on the measurement precision.

We estimated the error functions of three short-forms and CAT by using Firestar,49 a CAT
simulation program. Results are shown in Figure 3. All IRT-based scaled scores were
converted into T-Scores (mean=50 and standard deviation=10), matching the 2000 US
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Census data by race, gender and education. As expected, CAT showed consistently better
precision than short-forms. This is shown in the graphic by the relatively low (compared to
other forms of administration) standard errors throughout a wide range of T-scores (in other
words, very good estimates of the construct in those with a wide range of fatigue). Among
these three short-forms, better precision was found depending on their designed target areas;
the low-end short form was more precise for people with less fatigue (higher SEs in people
with high fatigue levels), and high-end for people with more fatigue while content-oriented
for people with moderate fatigue. However, all three short-forms showed good precision for
the majority of participants. Specifically, the low-end short-form had reliability greater than
0.9 for people with T-scores 32–73, content-oriented for people with T-scores of 40–78, and
high-end short-form for people with T-scores of 45 and higher. Ninety-five percent of
participants could be estimated with a reliability of 0.9 or higher by all short-forms (T-
score=32 at the 5th percentile). A nearly normal distribution was found.in the person fatigue
T-scores (Figure 4).

DISCUSSION
Static scales in today’s generic and targeted instruments are almost universally too coarse
for individual classification and diagnosis. Current trends in measuring health-related
outcomes in rehabilitation medicine have been moving towards the use applications of the
IRT based item banks, mainly CAT and short-forms. This paper documents the development
and psychometric properties of the PROMIS FIB. Using CAT simulation software, we
found that the PROMIS FIB based CAT can estimate self-reported fatigue in a very precise
manner across the fatigue continuum. Scores obtained from CAT and short-forms were
found to have reliability of 0.9 or higher for 95% of participants. CAT has important
contributions to clinical settings. CAT results can be readily translated into real-time reports
of health-related quality of life for immediate use by the health care providers. The
integration of systematic health related quality of life data into regular clinical cancer care
can facilitate better symptom management.52 However, although computer usage has
become a daily ritual for many Americans, not all clinical settings have access to computers
making investigators not able to take advantages of CAT. In such cases, fixed length short-
forms would be ideal alternatives. Multiple short-forms can be developed and their results
can be compared as long as items are all derived from a well-calibrated item bank. In this
paper, we provide three example short-forms: one content-oriented and the other two
measurement-oriented. As expected, although short-forms are not as precise as CAT, they
all demonstrated excellent precision along the trait continuum and therefore can serve as
reliable alternatives for CAT.

Investigators can create their short-forms to meet specific research or clinical needs. A look-
up table can be created and clinicians can easily compare patients’ fatigue scores to the US
general population as all items are calibrated onto the same continuum. The look-up table
for the content-oriented short-form is available by logging-in the PROMIS Assessment
Center (http://www.assessmentcenter.net/ac1). Another example look-up table to cross-walk
FACIT-Fatigue score to the PROMIS T-scores matrix can be found in Smith, Lai and
Cella.53

All psychometric information of the PROMIS FIB is publicly available at Assessment
Center™ (http://www.assessmentcenter.net/ac1). We have transferred all IRT based scaled
scores into T-scores (mean=50, standard deviation, SD = 10). Therefore, clinicians, or even
patients, can know patients’ fatigue status comparing to the national norm. For example, a
patient with a fatigue T-score=71 means his/her reported-fatigue is 2SDs more severe than
the mean of the general population. Our next step is to evaluate the clinical usefulness of the
PROMIS FIB item bank and short forms in various clinical populations.
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We used fatigue as an example of how the applications of a comprehensive item bank can be
easily incorporated into the busy rehabilitation settings without increasing burden to patients
and clinicians. Given its brief-yet-precise and easily administration characteristics, these
applications can lead to early fatigue identification and further timely intervention. These
applications are also applicable to other health-related quality of life and symptoms seen in
rehabilitation settings and have drawn attention in the rehabilitation outcome measurement
field and at the federal government level.

Study Limitation
Additional work is needed to evaluate the use of the FIB with a neurological sample,
especially in the context of clinical trials. Subsequent to the PROMIS initiative, National
Institute of Neurological Disorders and Stroke initiated an effort to develop item banks for
people with neurological conditions, Neuro-QOL.54 Work on that project is in progress. In
addition, item banks for traumatic brain injury (TBI-QOL) and spinal cord injury (SCI-
QOL) have been developed to enhance measurement in the rehabilitation field.48–49

Conclusion
In conclusion, PROMIS FIB is a psychometrically sound measurement tool. CAT and short-
forms derived from the PROMIS FIB can reliably estimate fatigue reported by the US
general population. Applications of the PROMIS FIB are available for use in rehabilitation
settings.
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CFA Confirmatory factor analysis

RMSEA Root mean squared error of approximation

CFI Comparative fit index

DIF Differential item functioning

MH Mantel-Haenszel

IF Information function

EAP Expected A Posteriori

MPWI Maximum posterior weighted information
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Figure 1.
Hypothesized Model Used for Bi-factor Analysis
NOTE:

• General factor is defined as “overall fatigue” and two local factors are “fatigue
impact” and “fatigue experience”.

• IMP item-n: items measure “fatigue impact”

• EXP item-n: items measure “fatigue experience”

• CFI=0.911; TLI=0.996; RMSEA=0.100
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Figure 2.
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Figure 3.
Comparisons of Short-forms and CAT
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Figure 4.
Distribution of the Sample Fatigue Scores (in T-score).
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Table 1

Item Stems of the Example PROMIS Fatigue Short-Forms

Content-Oriented High-End (Severe Fatigue) Low-End (Mild Fatigue)

1 How often did you feel tired? How often were you too tired to watch television? How often were you sluggish?

2 How often did you experience
extreme exhaustion?

How often did your fatigue make it difficult to make
decisions?

How fatigued were you when your
fatigue was at its worst?

3 How often did you run out of energy? How often was it an effort to carry on a conversation
because of your fatigue?

How often were you energetic?

4 How often did your fatigue limit you
at work (include work at home)?

How often were you too tired to socialize with your
family?

How tired did you feel on average?

5 How often were you too tired to think
clearly?

How hard was it for you to carry on a conversation
because of your fatigue?

How fatigued were you on the day you
felt most fatigued?

6 How often were you too tired to take
a bath or shower?

To what degree did your fatigue make it difficult to
make decisions?

How energetic were you on average?

7 How often did you have enough
energy to exercise strenuously?

How fatigued were you on the day you felt least
fatigued?

How often did you find yourself getting
tired easily?
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