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Editor's Note 

Journal of Outcome Measurement is pleased to present the first install
ment in a new series of articles which focus on understanding the under
lying concepts of Rasch measurement, appearing under the general title 
"Understanding Rasch Measurement". Beginning with this issue and ex
tending over the next five years, the journal will publish one article per 
issue that looks at an issue, methodology, or technique in Rasch measure
ment from an instructional or informational point of view. The purpose 
of this series is to give the readership a fuller understanding of the funda
mental principals that underlie many of the methodologies used in re
search articles published in this journal. The editorial board has contacted 
many of the leading methodologists in Rasch measurement and they have 
agreed to write chapters dealing with their special areas ofexpertise. These 
chapters, taken together, will create an introduction to Rasch measure
ment, and are presented in an order that will approximate the steps in 
acquiring Rasch measurement skills. 

The first installment, contained in this issue, contains a review of the 
various procedures that are used to estimate the variety of parameters avail
able in the family of Rasch measurement models. Michael Linacre's discus
sion and comparison of estimation procedures gets the series off to a rousing 
start. The first issue of Volume 4, due out in January 2000, will contain a 
introduction to Rasch measurement models and a discussion of the interrela
tionship between these measurement models written by Benjamin D. Wright 
and Magdalena Mok. Future topics include issues in the analysis of fit, met
ric development and score reporting, four articles discussing methods ofana
lyzing different types of data, item banking and test equating, bias analyses, 
standard setting, performance based assessment, and many more. We hope 
that you will find this series useful and welcome suggestions from readers for 
new topics to include in the series. 
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A Validation Study 

of the Daily Activities Questionnaire: 


An Activities of Daily Living Assessment 

for People with Alzheimer's Disease 


Frances Oakley 
National Institutes ofHealth, Bethesda, MD 

Jin-Shei Lai 
University ofIllinois at Chicago, Chicago, IL 

Trey Sunderland 
National Institutes ofHealth, Bethesda, MD 

The Daily Activities Questionnaire (DAQ) was developed to assess activities of daily 
living (ADL) independence in people with Alzheimer's disease. After administering it 
to 276 people diagnosed with Alzheimer's disease, we examined the quality of the rating 
scale and its structure using a Rasch measurement approach. Results indicated that the 
original 1 O-point rating scale should be restructured to a 5-point rating scale to improve 
the quality of the instrument. in addition, we found that all but two ADL items defined 
the same construct and could be combined into a single summary measure of ADL 
independence. The remaining items were positioned along a hierarchical continuum, 
with IADL tasks more difficult than PADL tasks. Furthermore, the tasks were logically 
ordered by difficulty. We therefore report that the DAQ is a valid scale and conclude that 
it is a viable measure of ADL independence for studies 'of Alzheimer's disease. 

Requests for reprints should be sent to Frances Oakley, National Institutes of Health, 
Occupational Therapy Section, Warren G; Magnuson Clinical Center, Building 10, Room 
6S235, 10 Center DR MSC 1604, Bethesda, MD 20892-1604, e-mail: 
Fran_Oakley@nih.gov. 

mailto:Fran_Oakley@nih.gov


298 OAKLEY, et al. 

Introduction 

Progressive changes in cognition, behavior, and independence in perform
ing activities of daily living (ADL) characterize Alzheimer's disease. 
Knowing the ADL ability of a person with Alzheimer's disease serves as 
a basis for designing interventions that provide sufficient help without 
offering unnecessary assistance that may reduce self esteem or increase 
the burden of care on the caregiver. Those who care for people with 
Alzheimer's disease need to be able to accurately identify persons who 
experience difficulty when performing ADL. Reliable and valid mea
sures of ADL independence in people with Alzheimer's disease are es
sential in both patient care and clinical research for evaluating outcomes, 
planning placement, estimating care requirements, and indicating change 
in ADL status. 

The Daily Activities Questionnaire (Oakley, et aI., 1991) was devel
oped to assess independence in personal (PADL) and instrumental activi
ties of daily living (IADL) of people with Alzheimer's disease. The 
interrater reliability of the Daily Activities Questionnaire was examined 
in a pilot study. Excluding two items (walking and recreation that were 
non-significant), item by item analysis revealed intrac1ass correlation co
efficients, significant at the p<0.05Ievel, ranging from 0.60 to 0.80 (Oakley, 
et aI., 1991). However, no study has been done to examine the internal 
and construct validity of the questionnaire. Internal validity in this con
text addresses whether the instrument measures what it purports to mea
sure, while construct validity tests if the item hierarchy fits the theoretical 
model upon which the questionnaire was based. Without verifying inter
nal and construct validity, we cannot assume the results from the ques
tionnaire are valid. 

The purpose of this study was to examine the quality of the Daily 
Activities Questionnaire (DAQ) and its structure. Two research ques
tions were posited: 

1) 

2) 

Do the 14 DAQ items work together to define a single construct of 
ADL independence? 
Do the items define a theoretical linear continuum of increasing 
difficulty? 

To answer these questions, we conducted a retrospective review of 
our experience with the DAQ, applying the technique of Rasch analysis 
(FACETS, Linacre, 1996) to our data. 
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Methodology 

Subjects 

The sample of convenience included 276 persons (121 M, 155 F, 
268 Caucasians, 8 African Americans) age range 50 to 87 (Mean age=68.2, 
SD=8.0) diagnosed with Alzheimer's disease who were hospitalized on 
the Geriatric Psychiatry Branch at the National Institutes of Mental Health, 
National Institutes of Health (NIH) between 1986 and 1996. All subjects 
were clinically diagnosed with dementia based on the Diagnostic and Sta
tistical Manual of MentalDisorders, 3,d ed., Revised (DSM-III-R; Ameri
can Psychiatric Association, 1987) and met the criteria of the National 
Institute of Neurological and Communicative Disorders and Stroke
Alzheimer's Disease and Related Disorders Association for probable 
Alzheimer's disease (McKhann, et aI., 1984). To achieve a homogenous 
sample of people with Alzheimer's disease, subjects were excluded if 
they had other mental or physical impairments such as stroke, cancer, or 
Parkinson's disease. 

Procedure 

The DAQ is a 14-item written questionnaire designed to assess inde
pendence in PADL and IADL. The PADL items included in the questionnaire 
are: bathing, dressing, toileting, walking, eating, and grooming. The IADL 
items are home care, cooking, shopping, finances, and phone use. Additional 
items include sleeping, recreation, and a rating for "overall independence." 
A visual analog scale comprising a 99-mm line with the lowest score associ
ated with greater dependence represents each item. The PADL, IADL, and 
"overall independence" scales range from "totally dependent" to "totally in
dependent," the sleeping scale ranges from "unable to follow a normal sleep 
schedule" to "sleep schedule is normal," and the recreation scale ranges from 
"no longer pursues recreation" to "participates in recreation like old self." 
After directly observing subjects perform ADL (excluding sleeping) over a 
three-week, inpatient admission, an occupational therapist rated each subject 
using the questionnaire. The item "sleeping" was rated based on the nurse 
report of the subject's ability to follow a normal sleep schedule. We then 
equally divided the 0 to 99 mm lines into 10 categories (Linacre, 1998) and 
converted them to a 1 O-point rating scale based on the actual length of the line 
a rater marked from the totally dependent (left) end of the line. For example, 
a score of 5 was assigned if a rater marked between 50 and 59 mm on the line, 
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while a score of 9 was assigned to an item if the mark fell between 90 and 99 
mm. We did not include the "overall independence" item in the analysis since 
it represents the summary of the whole instrument. Only one rater (i.e., the 
first author) rated the DAQ in this study. Therefore, no additional rater sever
ity adjustment was conducted.. 

Data Analysis 

We used the Rasch measurement model FACETS (Linacre, 1996) to 
analyze the data generated from the DAQ. When the data fit the model, 
Rasch analysis converts the ordinal raw scores from the 10-point rating 
scale into interval measures expressed as log-odds units or logits. Rasch 
analysis determines internal validity by asking if the items of the instru
ment meet the criteria of unidimensionality. Unidimensionality refers to 
whether an instrument measures a single dominant construct, even though 
multiple attributes are measured. The DAQ was designed to measure 
independence in daily activities and includes items representing elements 
that are theorized to be components of activities of daily living. Unidi
mensionality is a necessary precursor to combining items to obtain a total 
score for the questionnaire. If items were found not to measure the same 
domain construct, results that include the misfitting items would yield 
misleading information. 

Rasch analysis determines the unidimensionality of the instrument by 
examining response patterns of the items in the instrument, which are dem
onstrated by infit Mean Square (MnSq) statistics. The MnSq is the ratio 
between observed and expected variance (Wright and Masters, 1982). The 
expected MnSq value is 1.00, which indicates observed variance is the same 
as expected variance. However, limited random variance is allowed. An 
acceptable range for an infit MnSq value for a rating scale is between 0.6 
and 1.4 (Wright and Linacre, 1994). An item with a MnSq value smaller 
than 0.6 indicates that the item does not provide additional information 
beyond the rest of items on the scale. Nonetheless, such an item still de
fines the same construct as the rest of the items even though it does not 
improve the measurement quality of the instrument. If the MnSq value for 
an item is greater than 1.4, either the item does not define the same con
struct as the rest of the items in the instrument or it is ambiguously defined. 

Rasch analysis also provides a significance test for the MnSq value 
termed the ZStd. A ZStd value greater than 2.0 indicates that the corre
sponding MnSq value is significant at the 0.05 level. Accordingly, the 
misfit criterion for this study was MnSq > 1.4 along with a ZStd > 2.0. 
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Prior to calculating fit statistics, we examined the rating scale struc
ture to ensure results using this rating scale are valid. If a rating scale is 
valid, ordered step calibrations should be discovered. The step calibra
tion is the calibrated difficulty of this step (the transition from the cat
egory below to this category) relative to the prior step (Linacre, 1998). 
The bottom step has no prior step, and so the difficulty is shown as NONE. 
The step calibration is expected to increase with category value since less 
able persons are more likely to obtain lower categories while more able 
persons are more likely to obtain higher categories. For this study, a 10
point rating scale (i.e., 0 =scores 0 to 9, 1 =scores to to 19, 2 =scores 20 
to 29, and so forth) would expect to yield 9 ordered steps. Disosdered 
steps indicate that the instrument raters do not comprehend the rating 
scale clearly, and thereby do not use the rating scale as expected. The 
rating scale needs to be re-structured if disordered steps are found. 

Results 

The results of the rating scale structure are shown in Figure 1. We 
expected that we would have 9 ordered step measures for our to-point 

Original 1 o-polnt scale Restructured 5-polnt scale 

,/ 
.. --- _/ 
0~__~__~~L-__L-__L-~ 
-<l.0 -4.0 -2.0 0 2.0 4.0 6.0 

Category 
Step Calibrations Category 

Measure S.E. Counts Category 
Step Calibrations Category 

Measure S.E. Counts 

--(0-9mm) 18 --(Q-9mm) 563 
_..--.-.. (10-19mm) -2.73' .26 18 ..  ....... - ...... (10-39 mm) --"3.35 .08 615 
------- (20-29 mm) -2.78' .23 14 ..------.. (40-59 mm) -<J.77 .07 550 
--.--.--.- (30-39 mm) -1.11' .20 12 ._-.--- (60-89 mm) 0.72 .07 794 

..---.. -.. -.- (4()-49 mm) -1.12' .20 17 .-.._ ..-.... (90-99 mm) 3.40 .06 941 

- (50-59 mm) -0.35 .20 16 
..--_.-...._-. (60-69 mm) 1.34 .24 26 
------ (70-79 mm) 1.53 .29 22 

------ (80..89 mm) 2.09 .36 25 
...-...... -- (90-99 mm) 3.14 .50 100 

'Disordered stepe 

Figure 1. Category probability curves and corresponding step calibrations for 
the original lO-point and restructured 5-point DAQ rating scales. 
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Table 1 

Comparison of the Instrument Quality Indicators 

Analysis 1 Analysis 2 Analysis 3 

Numbers of items 12" 12 12 

Rating scale 5-point (center=4)b 5-point (center =5) 5-point (center=4&5) 
0, (1-3), 4, (5-8), 9 0, (1-4), 5, (6-8), 9 0, (1-3), (4-5), (6-8), 9 

Step calibrations Disordered Disordered Ordered 
(-3.36', -.21, -.27, 3.84) (-3.74, .66, -,08, 3.16) (-3.35, -.77, .72,3.40) 

Misfittlng item Sleeping (2.9)" Walking (1.5) Walking (1.4) 
Sleeping (3.2) Sleeping (3.1) 

Item separation 17.35 17.53 17.14 

Person separation 4.00 3.90 4.01 

a. 	 overall item was not included in the analysis 
b. 	 indicate initial ratings: O=scores 0 to 9, 1=1 0 to 19, 2=20 to 29, and so forth. The new rating scale 

was formed via combining initial ratings 1, 2 and 3 as well as 5, 6, 7 and 8. 
c. 	 indicate calibrations of step 1 to 2, 2 to 3, 3 to 4, and 4 to 5 respectively. 
d. 	 indicates inti! MnSq value. 

rating scale. However, we found disordered steps for category 1 to 2 and 
3 to 4. Also, although step calibrations for category 5 to 6 and 6 to 7 were 
from lower to higher, almost no significant differences among these cali
brations could be found (step measures were 1,34 ± ,24 and 1.53 ± .29 
respectively). These results suggested that our 10-point rating scale could 
not discriminate patients' ADL independence in a consistent manner. 
Therefore, to improve our scale, we restructured it. As Nunnally (1967) 
has recommended, this lO-point rating scale was converted into a 5-point 
rating scale to get better results. Table 1 summarizes why this 5-point 
scale was used. The corresponding probability curves of the final rating 
scale (i.e., combining scores 10 to 39, 40 to 59, and 60 to 89) used for this 
study is shown in Figure 1. After different trials, a 5-point rating scale 
that combined 1 to 3, 4 and 5, and 6 to 8, showed the best structure and 
was used for further analysis. No disordered step measures were detected 
in our revised scale, and each category could be easily distinguished from 
every other category (shown in Figure 1). 

The fit statistics were calculated by Rasch analysis. Initial analysis 
showed that one item, sleeping Unfit MnSq = 3.1, ZStd = 9.0) misfit ac
cording to the criteria of the fit statistics. This result was expected since 
sleeping is not typically considered a PADL or an IADL. Sleeping was 
included in the questionnaire because families reported that disturbed sleep 
patterns often led to nursing home placement (Oakley et aI., 1991). An
other analysis was conducted with the "sleeping" item removed. Results 
(Table 2) showed that "walking" misfit (infit MnSq =1.7, ZStd =5.0). 
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Table 2 

Summary ofRasch Analyzed Results (Items arranged by item measure or 
endorsability ) 

Real Infit 
Measure S.E. MnSq ZStd 

(Hardest item) Finances-IADL 4.91 .14 0.9 -1 
Shopping-IADL 2.62 .16 0.5 -6 
Cooking-IADL 2.57 .16 0.5 -6 
Home care-IADL 2.01 .15 0.5 -5 
Recreation 1.75 .12 1.3 3 
Phone use -IADL 1.55 .11 1.0 0 
Grooming-PADL -1.17 .16 0.5 -6 
Dressing-PADL -1.49 .15 0.6 -4 
Bathing-PADL -1.66 .16 0.6 -5 
Walking-PADL -3.48 .17 1.7 5•.•misfit 
Toileting-PADL -3.56 .14 1.2 2 

(Easiest item) Eating-PADL -4.04 .15 0.8 -1 

Mean (Count: 12) .00 .15 0.8 -2.3 
S.D. 2.81 .02 0.4 4.0 

Separation =19.09 Reliability =1.00 

Misfitting criteria: MnSq > 1.4 and ZStd > 2.0 
I =Instrumental ADL P =Personal ADL 

Results of the hierarchical linear continuum presented in Figure 2 
indicated that the IADL items were harder for the Alzheimer patients than 
the PADL items. As can be seen in Figure 2, the DAQ items are spread 
out over a continuum of ability ranging from 4.91 to -4.04 logits with 
finances the hardest item and eating the easiest. Some items were of 
similar difficulty for our Alzheimer's subjects (e.g., shopping & cooking, 
dressing & bathing). A high item separation, 19.09 with a corresponding 
reliability =1.0, indicates that items of the DAQ were separated into al
most 20 different difficulty levels by the persons being tested. A high 
person separation, 3.85 with a corresponding reliability =0.94, indicates 
that these patients could be separated into 4 different independent levels 
by the DAQ. Combining these two separations, the DAQ worked well to 
sensitively measure the independence in ADL of the sample population. 

Figure 2 also shows that the items are well targeted to the subjects' 
level of ADL independence. Subjects located toward the top of the scale 
are more independent in ADL than those located toward the bottom. It 
can be seen that most subjects fall within the range of the item difficulty. 
Thirty of the 276 subjects appear to have more than 50% of probability to 
require assistance with the easiest item-eating. 
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Items Logits Persons 

(Harder items) (More able persons) 
9 • 

8 
•• 

7 

Finances - I 

Cooking - I 
Home care - I 
Phone use - I 

Grooming - P 
Bathing - P 

Toileting - P 
Eating - P 

(Easier items) 

6 

5 

4 

3 
Shopping - I 

2 
Recreation 

0 

-1 
Dressing - P 

-2 

-3 
Walking - P 

·4 

·5 

-6 

·7 

-8 

-9 • (Less able persons) 

I =Instrumental ADL 
P =Personal ADL 
.=1 
Figure 2. Distribution of Alzheimer's subjects (N = 276) and DAQ items. Person 
separation is 3.85 (reliability = 0.94); item separation is 19.09 (reliability = 1.0) 

Discussion 

Typically, examiners use ADL assessments without ensuring the 
quality of the rating scale structure or if the assessment items meet the 
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criteria of unidimensionality. The purpose of our study was to evaluate 
the internal validity, construct validity, and rating scale structure of the 
DAQ, a measure devised to assess ADL independence in people with 
Alzheimer's disease. We examined the rating scale structure and unidi
mensionality of the DAQ using a Rasch Measurement approach. This 
study provides the evidence that a 5-point rating scale was more appropri
ate than our original la-point rating scale, underscoring the importance 
of evaluating the underlying rating scale structure. When we restructured 
the DAQ to a 5-point scale and excluded two items which were found to 
be misfits (see below), the remaining items were positioned along a hier
archical continuum, with IADL tasks more difficult than PADL tasks. 
This ordering is consistent with known developmental milestones and the 
reversal of that developmental hierarchy during the clinical progression 
of Alzheimer's disease. 

When we examined if the 14 DAQ items worked together to define 
a single construct of ADL independence, we found that all but two items 
(sleeping and walking) measured the same underlying construct and thus 
could be combined to generate a single measure of ADL independence. 
Because "sleeping" and '~walking" had fit statistics outside the suggested 
range (i.e., misfits), we concluded that sleeping did not define the same 
construct as the rest of the items while "walking" needs to be reworded. 
It may be that "sleeping" is more a reflection of an underlying biological 
function than an ADL. We consider "walking" a crucial item for the 
DAQ. The fact that it misfit suggests that the item might need to be more 
clearly defined. We hypothesize that the ambiguity of its definition re
sulted in rater confusion. The term "ambulating" might be more appropri
ate than "walking" in a functional sense. An option would be to redefine 
"walking," re-administer the questionnaire, and reexamine the data to see 
if the revised item demonstrated better fit to the measurement model. The 
current study suggests that IADL and PADL together define a single con
struct, ADL, with IADL being more challenging than PADL (Shown in 
Figure 2). This result lends credence to Doble and Fisher's (1998) argu
ment against the usual practice of generating separate PADL and IADL 
measures for subjects. 

Why is this finding .of unidimensionality with the DAQ important? 
Assessment measures with sound psychometric properties such as the DAQ 
can provide quantitative data for research studies or a clinical tool for 
planning treatment appropriate to the patient. Know ledge of the task dif
ficulty and scale structure can provide a sequential guide for planning 
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intervention programs. For instance, if Mr. Smith has an ADL indepen
dence measure of -1.0 on the DAQ (Figure 2 and Table 2), we would 
expect him to have about 50% of probability to demonstrate indepen
dence in grooming (Measure =-1.17, Error =0.16), have more than 50% 
of probability to demonstrate independence in dressing, (Measure =1.49, 
Error =0.15) and have almost no problem in demonstrating independence 
in eating (Measure =-4.04, Error =0.15). The treatment goal would be to 
maximize Mr. Smith's potential for independence in grooming and main
tain his independence in other items with measures smaller than groom
ing. Such ADL profiling is useful for clinical management strategies and 
has been employed in this manner at the NIH for some time. In addition, 
given the progressive nature of Alzheimer's disease, we have found the 
DAQ useful for tracking changes in ADL independence in longitudinal 
studies of this population. 

In summary, the results of this study support that the modified DAQ 
is a valid scale and a viable measure of ADL independence in people with 
Alzheimer's disease. This information allows us to have greater confi
dence in using it to gather data for making initial and on-going assess
ment of patients' ADL status, for guiding decisions about therapeutic 
interventions and for measuring outcomes of our interventions in both 
clinical situations and research studies. Such use of the DAQ is currently 
ongoing. 
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The Map of a Variable is the beginning and end of assessment. But we 
must immediately add that variable construction never ends because it is 
never complete; it is ever continuing. Variables require continuous atten
tion for their development and maintenance. The map of a variable is a 
visual representation of the current status of variable construction. It is a 
pictorial representation of the "state of the art" in constructing a variable. 

The Origins of Mapping 

Maps are visual guides. They ground us in a stable frame of refer
ence and give a sense of direction. How frequently we use expressions of 
belief implying vision, "Do you see?", "Now I see.", "Show me what you 
mean.", and "Put me in the picture." These expressions testify to the 
visual power inherent in pictorial representations and conveyed in speech 
and writing. Mapping visualizes the extent of our knowledge. 

Maps are indispensable to planning and traveling. Map making has 
great utility. The inability to understand or make use of maps is a handi
cap to understanding the world. 

The earliest maps used naturally occurring phenomena--celestial 
and terrestrial-to identify features. Ifwe look at the sky on a starry night 
we can use the "pointers" of the Big Dipper to locate Polaris, the pole star. 
Although both dippers move, they rotate around Polaris which appears 
fixed and determines ,north. From this "fixed" star we orient ourselves to 
the points of the compass. More comprehensive maps of the heavens 
include the popular constellations of the Zodiac, lesser known constella
tions and other celestial features. The more celestial features we know, 
the better oriented we become to a starry night. 

Terrestrial markers also serve to orient. A lake, a river, or a moun
tain may be used to anchor locations. Celestial and terrestrial maps have 
been used for centuries and are sometimes brought into relationship with 
one another. Today's roadmaps are but a current update of the state of 
knowledge in local geography. A map is an analogy, an idea that pictures 
an abstraction. While the map may initially seem superficial, incomplete, 
or even inaccurate, it still serves a purpose. The map shows the current 
status of what is known about a domain. 

Maps by their very nature, invite improvement. Every edition of a 
map calls attention to its accuracy and inaccuracy. Each new edition in
corporates changes from a previous one resulting in a new and more accu
rate version. 
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Consider a map with the lines of longitude and latitude. This illus
trates the benefits of superimposing an abstraction upon the natural con
tours of land and sea. Abstractions enhance maps by expediting 
generalization. 

Natural reference points also explain by serving as markers to ground 
our observations. The more natural reference points we can employ, the 
fewer the resulting errors. The wider apart the natural markers, the greater 
the possibility of error. Lloyd Brown (1949) provides a comprehensive 
history of map building with numerous illustrations that record how maps 
have become increasingly more accurate. John Wilford (1981) has pro
duced a similar, but more recent history. Edward Tufte's recent publica
tions (1979, 1983) offer a panorama of useful visual strategies together 
with his critique of how visual displays can facilitate the interpretation of 
data or mislead. 

The use of maps illustrates several important aspects: 
1. Maps are useful pictures of experience. 
2. Inaccuracies are successively and inevitably corrected. 
3. Abstractions, such as longitude and latitude, enhance mapping. 
4. More knowledge produces greater accuracy. 

Maps of Variables 

Map topography is a useful application to psychometrics because a 
map is an abstraction of a variable. The variable implied by a test can 
first be pictured as a line (Wright and Stone, 1979, pp. 1-6). It is a line 
with direction illustrated by an arrow. The variable is defined by items 
and persons, but other useful characteristics can also be incorporated on 
the map. Continuous improvement is irresistible. Maps invite further 
corrections. The more information we gather about the variable, the more 
accurate our representation becomes. Finally, this pictorial representa
tion of the variable invites yet further abstractions that generalize under
standing. 

Rudolph Carnap wrote, 

The nineteenth-century model was not a model in this abstract 
sense (i.e., a mathematical model). It was intended to be a 
spatial model of a structure, in the same way that a model ship 
or airplane represents an actual ship or plane. Of course, the 
chemist does not think that molecules are made up of little 
colored balls held together by wires; there are many features 
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of his model that are not to be taken literally. But, in general 
spatial configuration, it is regarded as a correct picture of the 
spatial configuration of the atoms of the actual molecule. As 
has been shown, there are good reasons sometimes for taking 
such a model literally-a model of the solar system, for ex
ample, or of a crystal or molecule. Even when there are no 
grounds for such an interpretation, visual models can be ex
tremely useful. The mind works intuitively, and it is often help
ful for a scientist to think with the aid of visual pictures. At the 
same time, there must always be an awareness of a model's 
limitations. The building of a neat visual model is no guaran
tee of a theory's soundness, nor is the lack of a visual model an 
adequate reason to reject a theory. (Carnap, 1966, p. 176) 

Carnap's exposition clearly indicates the value of a map in fostering 
pictures by which to visually conceptualize an intuitive idea. He also 
cautions that maps are not substitutes for reality, but pictures and as such 
they cannot be interpreted literally. 

Using Maps 

There are three uses of maps: 


To DIRECT... where we are planning to go, 


to LOCATE ... where we are, along the way, and 


to RECORD ... where we have been. 


These three uses indicate that a map is the beginning and end of test 
construction. In the beginning stages, a map defines our intentions. At 
the end, it is a realization of progress to date. In between are markers 
along the way. Maps of variables are never finished because they invite 
constant correction and improvement. When maps embody abstractions 
derived from experience they connect the world of the mind to the world 
of experience. Abstraction is validated by correspondence to experience 
and experience is understood by abstraction. 

Mapping illustrates the dialogue that must take place between these 
two worlds in order to communicate constructively. A map is a visual, 
operational definition of a variable. While maps are necessarily only 
models, their pictorial representation invites continual correction, ever 
increasing their accuracy. 
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Graphs as Maps 

Graphs of functions are maps showing the relationship between two 
variables. Graphs make it easy to see by looking whether a useful func
tion is emerging. 

Graphs make functions recognizable and familiar. We recognize 
linearity in a straight line, and special curves describe a parabola or a 
quadratic relation. Other well- known functions like the undulating curve 
for the sine are easily recognized by their shape. The graphs of functions 
are maps as familiar to their users as roadmaps are to motorists. They aid 
understanding by simplifying the process and allowing us to "see" a com
plex representation. 

A Map is an Analogy 

Measurement is made by analogy. Our most efficient and utilitarian 
measures rely upon visual representation. The ruler, the watchface, the 
mercury column, and the dial are common analogies used to record length, 
time, temperature, and weight. The utilitarian success of analogy in these 
measuring tools is demonstrable by their ubiquity. 

1. 	 The "intended map" of the variable is the idea, plan, and best 
formulation of our intentions. 

2. 	 The "realized map" of the variable which is made from item 
calibrations and person measures implements the plan. 

3. 	 Continuous dialogue between intention (idea) and realization 
(data) produces and maintains the validity of the variable. 

4. 	 A "Map of a Variable" is the scope and sequence of instruction 
because it shows how to sequence instruction and how to relate it 
to assessment. 

S. 	 Progress from instruction and resultant learning can be located on 
the variable. Growth can be seen and measured. 

6. 	 There are shortcomings to maps, especially evident if their use is 
"pushed" to extremes. 

What writers like Carnap (1966) and Kaplan (1964) present in their 
discussions about the shortcomings of models also applies to maps. We 
must be careful not to expect too much of a map and ascribe more sub
stance to what is produced than can be justified. Constant monitoring of 
map building is necessary. Monmonier's (1996) book "How To Lie With 
Maps" presents in a useful and amusing way the fallacies that can result 
from viewing a map as a "finished product" rather than as a "fiction," an 
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approximation of the outcome and one that is in process and never com
pleted. Braithwaite (1956) has also cautioned, "The price of the employ
ment of models [maps] is eternal vigilance." 

Psychometric maps serve as the plan for instrument development 
and revision. The map of a variable is a blueprint for a test. When a map 
is logical and well constructed, its implementation can be straightforward 
in the form of ordered items. 

Figure 1 is a flowchart of the steps in bringing a variable into exist
ence. Its development is guided by a map of intention. 

The Stages of Mapping a Variable 

Intention [1] 

Item 
Calibration 
with SE 

Dialectic [2] 

Poor 
1. Eliminate Item 
2. Revise Item 
3. Add New Item 

Good 

Realization [3] 

Make 
Measure 
with SE 

1. 	 The "intended map" of the variable is the idea and plan of our intention. 
2. 	 There is continuous dialogue between the intention (idea) and realization 

(data) to maintain validity and quality control. The degree of correspon
dence between the maps of intention and realization indicates the degree of 
success achieved. 

3. 	 The "realized map" of the variable conveys in the item calibrations and per
son measures the best outcome to date. 

Figure 1. Flowchart for Variable Construction 
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Figure 2. ltemlPerson Map. From Stone and Wright (1980) Knox Cube Test. 
Itasca, IL: Stoelting. 

When the map is empirically verified, it documents a successful re
alization of an idea. The map of the variable pictures both the idea and its 
realization in the form of calibrated items and measured persons (Wright 
and Stone, 1996, Chapter 14). It embodies the construct validity of the 
instrument. 

Figure 2 is the item/person map for the Knox Cube Test (Stone and 
Wright, 1980) generated by BIGSTEPS (Wright and Linacre, 1991 to 
date) This map as well as others generated from WINSTEPS (Linacre, 
1999) greatly assist the psychometrist in variable construction. However, 
it is simple maps like this one that make psychometric analysis under
standable to content specialists and other persons interested in the results, 
but not concerned about methodology. 

Binet's work in test development began more than 100 years ago. 
His work implies mapping although he did not employ the term. 
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First of all, it will be noticed that our tests are well arranged in 
a real order of increasing difficulty. It is as the result of many 
trials, that we have established this order; we have by no means 
imagined that which we present. If we had left the field clear 
to our conjectures, we should certainly not have admitted that 
it required the space of time comprised between four and seven 
years, for a child to learn to repeat 5 figures in place of 3. 
Likewise we should never have believed that it is only at ten 
years that the majority of children are able to repeat the names 
of the months in correct order without forgetting any; or that it 
is only at ten years that a child recognizes all the pieces of our 
money. (Binet, 1916, p. 185) 

Binet clearly indicates how data from experience was used to estab
lished a hierarchy of item difficulty. He makes special note of the re
quirement for "well-arranged" items expressing a "real order". Binet also 
relied on "numerous" replications of ordered items in order to produce 
the level of accuracy he desired. 

One might almost say, 'It matters very little what the tests are 
so long as they are numerous'. (Binet, 1916, p. 329) 

Binet clearly stressed (1) item arrangement by difficulty order, (2) 
numerous items, sufficient for precision. How else can one be success
ful? There is no other way except to do as Binet did: begin with an idea 
for a variable, illustrate the variable by items, arrange them by their in
tended difficulty, and measure persons by their locations among the items. 
The hallmark of Binet's efforts is his early effort at benchmarking items 
and persons on a variable. He must have had a mental map of what he 
intended, although there is no indicate of one in his writings. 

An early example of a psychometric map is Thurstone's "Scale of 
Seriousness of Offense" (1927, 1959) shown in Figure 3. His map marks 
out the severity of offenses from "vagrancy" located at the bottom end to 
"rape" at the top. 

The scale is further subdivided into three offense categories: (1) sex 
offenses, located at the top of the scale, (2) injury to the person, located 
from the top to the middle, and (3) property offenses, located from the 
middle of the scale and down. Thurstone's map provides insight into a 
hierarchy ofcriminal acts and a practical "ruler" for determining, not only 
the location of offenses, but the "distance" between them. 
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Figure 3. Scale of Seriousness of Offense. From L.L. Thurstone (1959). The 
measurement of values. Chicago: The University of Chicago Press, p. 75. 

Figure 4 is a map of an achievement variable: WRAT3 (Wilkinson, 
1993). This test of achievement measures (1) word naming, (2) arithmetic 
computation, and (3) spelling from dictation. Items are arranged according to 
difficulty. These maps progress from left to right indicating increases in item 
difficulty and person ability. The arrangement of items indicates the expected 
arrangement of persons according to their abilities. Less able persons will be 
located to the left of more able persons. Able persons will find the items on 
the left easier than those items further along to the right. These three vari
ables follow developmental lines of learning, correspond to instructional goals 
and make test administration efficient and informative. The map of each 
WRAT3 variable is enhanced by sample items illustrating progressive diffi
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culty and below the items is an equal-interval scale indicating the measures. 
The locations of successive average grade levels are given as well as the 
average age associated with the item calibrations and person measures. This 
map is a succinct picture of the three WRATI variables. 

These maps have immediate application. Like the marks made on a 
door jamb to show the increasing height of a child, this map shows stu
dent progress on three achievement variables. The maps show order to 
the items and measures. Progress of pupils along this educational ruler is 
enhanced by criterion and normative locations. The grade and age norms 
show growth. The map provides useful information to students, teachers 
and parents. 

Figure 5 is a reduction of the "map" of the Lexile Scale of Reading© 
copyright 1994, Metametrics). 

The master map is larger and more comprehensive and requires a 
chart greater than 2' by 3' in order to picture only some of the large amount 
of available information. Lexile calibration values have been computed 
for a substantial number of trade books, texts, and tests. The title column 
indicates the content validity of the scaling. The educational levels col
umn shows the increase in difficulty corresponding to reading more diffi
cult materials. Construct validity can be demonstrated by these map 
locations. Educational levels, ages, and other information can be posi
tioned on the Lexile Map. Criterion and construct validity are demon
strated by these relationships. 

Mapping technology offers a powerful tool for conjointly ordering 
objects of measurement i.e. readers and indicants i.e. texts. Meaning ac
crues as this conjoint ordering of reader and text is juxtaposed with other 
orderings including grade level, income or job classification. Collections 
of these "orderings" constitute a rich interpretive framework for bringing 
meaning to the measurement of human behavior. 

A good leap in understanding and utility is accomplished when the 
ordering of indicants along the line of the variable can be predicted from 
theory. In every application of physical science measurement, instrument 
calibration is accomplished via theory not data. Social science measure
ment stands alone in its reliance on data in the construction of instrument 
calibrations and co-calibrations between instruments. 

Perhaps the key advantage of theory based calibrations is that an ab
solute framework for measure interpretation can be constructed without 
reference to any individual or group measures on objects or indicants. The 
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prospect of absolute measurement, long taken for granted in the physical 
sciences, has until recently eluded social scientists. The building of maps 
for the major dimension of human behavior is now possible because of the 
theoretical work of Rasch and Wright, amplified by the work of colleagues. 

One pretender to the kind of mapping process outlined above is evi
dent in NAEP's use of the Reading Proficiency Scale (RPS). The RPS is 
a transformed Rasch scale with an operating range of 0 to 500. NAEP 
describes performance at grades 4,8, and 12 as rudimentary, basic, inter
mediate, adept or advance depending upon the RPS attained by each stu
dent. Thus, a rudimentary reader has an RPS =ISO, an intermediate reader 
at RPS =250 and an advanced reader at RPS =350. So far so good, since 
all we have done is "name" certain "anchor" points on the RPS scale. 

Problems develop when reader performance on the RPS scale is de
scribed using relative language such as stating that a rudimentary reader 
"can follow brief written directions" or "can carry out simple, discrete 
reading tasks" or a basic reader "can understand specific or sequentially 
related information." An intermediate reader "can search for specific 
information, interrelate ideas, and make generalizations." An adept reader 
"can analyze and integrate less familiar material and provide reactions to 
and explanations of the text as a whole." An advanced reader "can un
derstand the links between ideas even when those links are not explicitly 
stated." 

These statements are not appropriate descriptions of scale points 
along the RPS scale. Rather they are good descriptions of the behavioral 
consequences of more or less accurately matching the demands of a text 
with the capabilities of a reader. Thus, rather than describing absolute 
scale positions, these annotations, in fact, describe differences between a 
reader measure and a text measure. When a text's measure exceeds a 
reader's measure, comprehension is low and the kinds of reader behav
iors used above describe a "basic" result. 

When a reader's measure exceeds a test's measure the kinds of reader 
behaviors used to describe adept and advanced readers are evident. The 
key point is that each of these behaviors can be elicited in the same reader 
simply by altering the level of text that is presented to the reader. Thus 
we can make a 400L (second grade level) reader adept by presenting a 
100L text or a 400L reader rudimentary by presenting 800L text. Com
prehension rate is always relative to the match between reader and text 
and it is this rate, rather than the reader's measure, that is appropriately 
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described in behavioral and proficiency terms. Much confusion has re
sulted from a failure to recognize this distinction. 

Summary 

Successful item calibration and person measurement produces a map 
of the variable. The resulting map is no less a ruler than the ones con
structed to measure length. 

The map indicates the extent of content, criterion, and construct va
lidity for the variable. The empirical calibration of items and the measures 
ofpersons should correspond to the original intent of item and person place
ment, but changes must be made when correspondence is not achieved. 
There should be continuous dialogue between the plan, person measures, 
and item calibrations. Variables are never created once and for all. Con
tinuous monitoring of the variable is required in order to keep the map 
coherent and up-to-date. Support for reliability and validity does not rest in 
coefficients, but in substantiating demonstrations of relevant and stable in
dices for items and measures. Such indications must be continuously moni
tored in order to maintain the variable map and assure its relevancy. 
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The many-facet Rasch model implies that person measures are obtained 
under measurement conditions involving different judges and tasks. A com
plete set of measures involving all judges rating all persons on one or more 
tasks can be obtained, or different judges can rate different persons on one 
or more tasks. A many-facet design involving fewer ratings by different 
judges on a set of tasks however must meet certain connectivity require
ments (Linacre, 1994a). When measures are connected, a common vertical 
ruler is created which permits facet comparisons; otherwise separate verti
cal rulers are created for each facet or measurement condition. 

The many-facet Rasch analysis computes fair person measures from 
ratings by judges (Linacre, 1994a). The basic many-facet Rasch model 
is: Log (Pn;jk / Pn;j(k-I») =Bn - D; - Cj - Fk , where: 

P nijk =probability of student n on task i by rater j being given a 
rating ofk 

Pnij(k- I) = probability of student n on task i by rater j being given a 
rating of k - 1 

Bn = ability of student n 

D; = difficulty of task i 

Cj = severity of rater j 

Fk = difficulty of threshold across rating scale categories from 
k-l to k. 

Each facet (i.e., judge or task) is assumed to be independent from 
the other facets. The facets combine to give the probability for a person's 
rating by a particular judge. In order for the facets to be compared, they 
must be on the same linear scale. This requires the creation of a vertical 
ruler. If a common vertical ruler can be created, then a "subset connec
tion ok" message appears. However, if this is not possible then separate 
vertical rulers are created, one for each facet. A completely nested de
sign would yield separate vertical rulers, one for each facet, because the 
facets can not be connected. To illustrate, a crossed design, a nested de
sign, and a mixed design are presented. 

Design Comparisons 

Crossed Design 

A crossed design would have facet elements as depicted in Table 1. 
There are three judges who rated three students on three tasks (A, B, and C). 
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Table 1 

Crossed Design 

Judge 

1 2 3 

Task ABC ABC ABC 
Student 

345 425 435 

2 254 435 443 

3 345 234 543 

Nested Design 

A nested design would have facet elements as depicted in Table 2. 
There are three judges, but each judge only rates the students on one task. 
Judge 1 only rates task A, judge 2 only rates task B, and judge 3 only 
rates task C. The basic requirement of connectivity (linking) in many
facet analysis does not exist because the ratings are nested within each 
task. 

Table 2 

Nested Design 

Judge 

1 2 3 

Task ABC ABC ABC 
Student 

3 - - - 2 - - - 5 

2 2 - 3 - - - 3 

3 3 - 3 - - - 3 

Mixed Design 

A way to achieve connectivity for the creation of a common vertical 
ruler is to have at least one judge crossed with all elements of a facet, i.e., 
task. For example, a fourth judge could be added to the nested design 
data yielding a mixed design (Table 3). The fourth judge, however, would 
have to rate all students on all three tasks. 
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Table 3 

Mixed Design 

Judge 

1 2 3 4 

Task A 8 C A 8 C A 8 C A 8 C 

Student 

1 3 - 2 - - - 5 2 4 5 

2 2 - - - 3 - - - 3 2 3 5 

3 3 - 3 - - - 3 3 4 4 

Program and Data Comparisons 

Two programs are individually executed to input and output the vari
ous files needed for a many~facet Rasch analysis. The first program, 
FACFORM (Linacre, 1994b), is executed to input a many-facet program 
(* .key) which reads the raw data file (* .asc) and creates a facet specifica
tion program file (* .spe) and a facet data file (* Jac). The raw data file 
(* .asc) depicts how the data needs to be formatted for the crossed, nested, 
and mixed designs. A judge number appears as the first line of data in the 
raw data file (* .asc). The next three lines of data are for the students; 
coded as 1,2, or 3. After each student, a task number and rating is entered 
for the three tasks. Since numeric data is expected, Task A = 1, Task B = 
2, and Task C =3. The second program, FACETS (Linacre, 1994b), is 
executed to input the facet specification program (*.spe) and read the 
facet data file (* Jac). The programs and data files for the crossed, nested, 
and mixed designs are listed in the Appendix. The results are listed in a 
facet output file (* .out). 

Result Comparisons 

Many-facet Rasch analysis output from the facet output files (* .out) 
for the crossed, nested, and mixed designs is presented in an abridged 
format. The chi-square statistics are not reported since connectedness 
(linkage) of the facets is not a problem related to model fit or facet signifi
cance. See Schumacker and Lunz (1997) for a discussion and interpre
tation of the different chi-square statistics output in many-facet Rasch 
analyses. 
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Crossed Design 

An important message that appears when the facets are connected 
(linked) is: "Subset connection OK". A table (Table 4) is produced that 
indicates the common vertical ruler. 

Table 4 

All Facet Vertical Rulers 

IMeasure I Judge I Student I Taskl Scalel 

+ 1 + + + +(5) + 

I I I I 
I I I I 
I I I I 
I I I 4 I 
I Judge1 Judge3 I A I I 
I I I I 
I I B I I 
I Student3 I I I 
I Judge2 I I I 

* 0 * * Student2 * * -----* 

I I I I 
I Student1 I I I 
I I I I 
I I I I 
I I I I 
I I I 3 I 
I I I I 
I I c I I 
I I I I 

+ -1 + + + +(2) + 

Nested Design 

When analyzing the data in the nested design, the following mes
sage appears: "Warning! 3 disjoint subsets are group-anchored". This 
message indicates that the three tasks are "disjointed" or not connected 
and "anchored" to their unique element value for the facet. You can by
pass this warning by including the command statement "Subsets=Bypass" 
in the many-facet program, but it is not recommended when data are nested. 
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Three separate vertical ruler tables are listed (Tables 5, 6, and 7), 
one for each judge's ratings on a unique task, as follows: 

Table 5 	 Table 6 


Disjoint Subset 1 Vertical Summary Disjoint Subset 2 Vertical Summary 

IMeasure I Judge I Taskl Scale I IMeasure I Judge I Taskl Scalel 

+ 3 + + + (5) + + 3 + + +(5) + 


I Judge3 I I I 

I I I I 


+ 	 2 + + + + + 2 + + + + 

I I I I I 

I I I I I 


+ 	 1 + + + + + 1 + + + + 

I I I I I 

I I I I I 


0 	 * * C * 3 0 * B * 3 


I I I 

I I I 


+ -1 + + + + + -1 + + + + 

I I 

I I 

+ -2 + + + + + -2 + + + + 


I I Judge2 I 

I I I 

+ -3 + + + (2 ) + + -3 + + + (2 ) + 

Table 7 


Disjoint Subset 3 Vertical Summary 

IMeasure IJudge I Taskl Scalel 

+ 	 3 + + +(5) + 

I 

I 


+ 	 2 + + + + 

+ 	 1 + + + + 
I I 

I I 


0 * * A * 3 * 

I I I I 

I I I I 

+ -1 + + + + 

I I I I 

I I I I 

+ -2 + + + + 

I I I 

I Judge1 
 I I 

I I I 


+ -3 + + +(2) + 
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message. Table 8 presents the common vertical ruler for the mixed design 

Table 8 


1 1 


1 1 


1 1 1 

1-- 1 1 


Judge1
1 1 

1 1 


1 


1 


Mixed Designs 

Adding a judge who rated all students on all tasks created the 
mixed design. The additional ratings by this fourth judge permitted the 
facets to be compared on a common vertical ruler. The connectivity re
quirement was met by having two ratings on each task by two judges. The 
program output indicated: "Subset connection O.K.", but gave the mes
sage, "Warning! Estimates may have not converged". The addition of more 
ratings by judges on all tasks (essentially more data) would remove the 

analysis. 

All Facet Vertical Rulers 

1Measure 1 Judge 1 Student 1 Taskl Scalel 

+ 5 + + + A +(5) + 

+ 4 + + + + + 

+ 3 + + + + + 

+ + + + + 4 + 

+ 1 + + Student2 + + --- + 

0 Judge4* * 
Student3
1 1 1 

1 1 1 


1 I 1 Student1 
+ -1 + + + + + 

I 1 1 B 1 I 

I I I I 3 I 

I I 1 1 I 

+ -2 + + + + + 

I I I 

I Judge3 
 1 1 
I I I 


+ -3 + + + + 


I 1 I I 

I I I c I 

I 1 I I I 

+ -4 + + + + + 


I 1 I 1 

I I Judge2 
 I I 


+ -5 + + + +(2) + 

1 I I 1 
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Conclusions 

The crossed design example contained three judges who rated three 
students on three tasks. The nested design example contained three judges, 
but each judge only rated the three students on a single task. The mixed 
design added a fourth judge to the nested design with the requirement that 
all students were rated on all tasks. This provided the minimum linking 
requirement of two ratings per task by the judges. Obviously, more than 
one judge who rated all students on all tasks could have been included. 
More complex nested designs could be modified as long as the linkage 
requirement is met. Whether facets ate intended to be linked, that is, not 
remain nested in a design, is a theoretical issue, beyond the scope of this 
article. 

Many-facet analyses contain measurement conditions that are 
crossed. However, complete data in a crossed design is not necessarily 
required (see Linacre, 1994a). Data in a nested design doesn't have the 
required "linking" characteristics to permit the creation of a common ver
tical ruler for comparing facet measures, so only interpretation of an indi
vidual judge's ratings on a single task is possible. A mixed design is a 
modification of the nested design such that at least one judge is crossed 
with all elements of a facet, thus permitting linkage (connectivity). Link
age is a basic requirement in producing the common vertical ruler in many
facet analyses. If the measures are commensurate with each other, then 
the mixed design technique can be used to link the facets for comparative 
purposes. 
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Appendix 
Crossed Design 

CROSSED. KEY 

; File: crossed. key 
; This program creates a facet specification file and 
comma separated data file 

$Input crossed.asc ascii data file 
$Output crossed.fac comma separated data file 
$Spoutput crossed.spe facet specifications file 

$Facets = 3 judge, student, and task 
(crossed design) 

; labels for the Facets 

$Flabel l, "judge" 3 judges 
$Flabel 2, "student" 3 students 
$Flabel 3, "task" 3 tasks 

; FACETS specifications 

$spec "Title = Crossed Design" 
$Spec "Output crossed. out " ;the FACETS output file 
$Spec "Models = ?,?,?,R5" ; 3 facets using 5 point 
rating scale 

; read judge number 

checkl $Cl 
judge=l 

$DO = (checkl <>"") perform $DO while judges exist 
$Label = l, judge first comma separated value 

; skip to next line 
$Nextline 

; read student number 
check2 = $C2 
student=l 

$DO = (check2 <>""); perform $DO while students exist 
$Label = 2,student ; first comma separated value on next 
line 

(Appendix continued on next page) 
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(Appendix continued from previous page) 

read in three tasks and associated ratings 
$Label=3,$S4Wl Task A - col 4 
$Rating = $S7Wl rating - col 7 
$Label=3,$S9Wl Task B - col 9 
$Rating = $S12Wl rating - col 12 
$Label=3,$Sl4Wl Task C - col 14 
$Rating = $S17Wl rating - col 17 

$Nextline 
check2=$C2 
student=student+l 

$Again 
checkl = $Cl 
judge=judge + 1 

$Again 

CROSSED.ASC 

1, 
1, 1, 3 2, 4 3, 5 
2, 1, 2 2, 5 3, 4 
3, 1, 3 2, 4 3, 5 
2, 
1, 1, 4 2, 2 3, 5 
2, 1, 4 2, 3 3, 5 
3, 1, 2 2, 3 3, 4 
3, 
1, 1, 4 2, 3 3, 5 
2, 1, 4 2, 4 3, 3 
3, 1, 5 2, 4 3, 3 

CROSSED.SPE 

; FACFORM 
; from Keyword file: crossed. key 
Facets = 3 
Title = Crossed Design 
Output = crossed. out 
Models = ?,?,?,R5 
Data file crossed.fac 
Labels = 
1, judge LABELS FOR JUDGES WERE ADDED 
1= Judge1 
2= Judge2 
3= Judge3 

* 
2,student LABELS FOR STUDENTS WERE ADDED 

(Appendix continued on next page) 
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(Appendix continued from previous page) 

1= Student1 
2= Student2 
3= Student3 
* 
3,task LABELS FOR TASKS WERE ADDED 
l=A 
2=B 
3=C 
* 

CElOSSED.FAC 

1,1,1-3,3,4,5 
1,2,1-3,2,5,4 
1,3,1-3,3,4,5 
2,1,1-3,4,2,5 
2,2,1-3,4,3,5 
2,3,1-3,2,3,4 
3,1,1-3,4,3,5 
3,2,1-3,4,4,3 
3,3,1-3,5,4,3 

NESTED DESIGN 

NESTED. KEY 

; File: nested. key 
; This program creates a facet specification file and 
comma separated data file 

$Input nested.asc ascii data file 
$Output nested.fac comma separated data file 
$Spoutput nested.spe facet specifications file 

$Facets = 3 judge, student, and task (nested design) 

; labels for the Facets 

$Flabel 1, "judge" 3 judges 
$Flabel 2, "student" 3 students 
$Flabel 3, "task" 3 tasks 

; FACETS specifications 


$Spec "Title Nested Design" 

$Spec "Output nested. out " ;the FACETS output file 


(Appendix continued on next page) 
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(Appendix continued/rom previous page) 

$Spec = "Models = ?,?,?,RS" 3 facets using 5 point 
rating scale 

; read judge number 
checkl $Cl 
judge=l 

$DO = (checkl <>"") 

$Label = 1,judge 

; skip to next line 
$Nextline 

; read student number 
check2 = $C2 
student=l 

$DO = (check2 <>''''); 
$Label = 2,student ; 
line 

read in three tasks 
$Label=3,$S4Wl 
$Rating = $S7Wl 
$Label=3,$S9Wl 
$Rating = $S12Wl 
$Label=3,$S14Wl 
$Rating = $S17Wl 

$Nextline 
check2=$C2 
student=student+l 

$Again 
checkl = $Cl 
judge=judge + 1 

$Again 

NESTED.Ase 

1, 
1, 1, 3 
2, 1, 2 
3, 1, 3 
2, 
1, 2, 2 
2, 2, 3 

perform $DO while judges exist 

first comma separated value 


perform $DO while students exist 
first comma separated value on next 

and associated ratings 

Task A - col 4 

rating - col 7 

Task B - col 9 

rating - col 12 

Task C - col 14 

rating - col 17 


(Appendix continued on next page) 
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(Appendix continued/rom previous page) 

3, 2, 3 
3, 
1, 3, 5 
2, 3, 3 
3, 3, 3 

NESTED.SPE 

; FACFORM 
; from Keyword file: nested. key 
Facets 3 
Title Nested Design 
Output nested. out 
Models ?,?,?,R5 
Data file = nested.fac 
Labels = 
1,judge LABELS FOR JUDGES WERE ADDED 
1=Judge1 
2=Judge2 
3=Judge3 

* 
2 ,student LABELS FOR STUDENTS WERE ADDED 

1=Student1 
2=Student2 
3=Student3 
* 
3,task LABELS FOR TASKS WERE ADDED 
l=A 
2=B 
3=C 
* 

NESTED.FAC 

1,1-3,1,3,2,3 
2,1-3,2,2,3,3 
3,1-3,3,5,3,3 

MIXED DESIGN 

MJ:XED.KEY 

File: mixed. key 
This program creates a facet specification file and 

(Appendix continued on next page) 
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(Appendix continued from previous page) 

comma separated data file 

$Input mixed.asc ascii data file 
$Output mixed.fac comma separated data file 
$Spoutput mixed.spe facet specifications file 

$Facets = 3 judge, student, and task (mixed design) 

; labels for the Facets 

$Flabel 1, "judge" 3 judges 
$Flabel 2, "student" 3 students 
$Flabel 3, "task" 3 tasks 

; FACETS specifications 

$Spec "Title Mixed Design" 
$Spec "Output mixed. out ;the FACETS output file 
$Spec "Models ?,?,?,R5" ; 3 facets using 5 point 
rating scale 

; read judge number 
check I $CI 
judge=l 

$DO = (check1 <>"") perform $DO while judges exist 
$Label = 1, judge first comma separated value 

; skip to next line 
$Nextline 

; read student number 
check2 = $C2 
student=l 

$DO = (check2 <>""); perform $DO while students exist 
$Label = 2,student ; first comma separated value on next 
line 

read in three tasks and associated ratings 
$Label=3,$S4W1 Task A - col 4 
$Rating = $S7W1 rating - col 7 
$Label=3,$S9W1 Task B - col 9 
$Rating = $S12Wl rating - col 12 
$Label=3,$S14W1 Task C - col 14 

(Appendix continued on next page) 
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(Appendix continued/rom previous page) 

$Rating = $S17W1 ; rating - col 17 
$Nextline 

check2=$C2 
student=student+1 

$Again 
check1 = $C1 
judge=judge + 1 

$Again 

IUXED . Ase 

1, 
1, 1, 3 
2, 1, 2 
3, 1, 3 
2, 
1, 2, 2 
2, 2, 3 
3, 2, 3 
3, 
1, 3, 5 
2, 3, 3 
3, 3, 3 
4, 
1, 1, 2 2, 4 3, 5 
2, 1, 2 2, 3 3, 5 
3, 1, 3 2, 4 3, 4 

MJ:XED.SPE 

; FACFORM 
; from Keyword file: mixed. key 
Facets 3 
Title Mixed Design 
Output mixed. out 
Models ?,?,?,R5 
Data file mixed.fac 
Labels = 
1, judge ; LABELS FOR JUDGES WERE ADDED 
1=Judge1 
2=Judge2 
3=Judge3 
4=Judge4 
* 
2 ,student LABELS FOR STUDENTS WERE ADDED 

(Appendix continued on next page) 
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(Appendix continued from previous page) 

1=Student1 
2=Student2 
3=Student3 

* 
3,task LABELS FOR TASKS WERE ADDED 
l=A 
2=B 
3=C 

* 

MIXED.FAC 

1,1-3,1,3,2,3 
2,1-3,2,2,3,3 
3,1-3,3,5,3,3 
4,1,1-3,2,4,5 
4,2,1-3,2,3,5 
4,3,1-3,3,4,4 



JOURNAL OF OUTCOME MEASUREMENT®, 3(4),339-359 

Copyright" 1999, Rehabilitation Foundation, Inc. 

Does the Functional Assessment Measure 

(FAM) Extend the Functional Independence 


Measure (FIMTM) Instrument? 

A Rasch Analysis of Stroke Inpatients 


Richard T. Linn 
State University ofNew York at Buffalo, Buffalo, NY 

Richard S. Blair 
Sisters of Charity Health Service, Ottawa, Ontario 

Carl V. Granger 
State University ofNew York at Buffalo, Buffalo, NY 

Dan W. Harper 

Patricia A. O'Hara 

Edith Maciura 
Sisters ofCharity Health Service, Ottawa, Ontario 

Adding the items of the Functional Assessment Measure (FAM) to the Functional Independence 
Measure (FIMTM instrument) has been proposed as a method to extend the range of the FIM, 
particularly when assessing functional status in rehabilitation patients with brain injury, 
including stroke. It has been proposed that this approach is especially helpful in ameliorating 
ceiling effects when brain-injured patients have reached the end oftheir inpatient rehabilitation 
stay or are being seen in outpatient settings. In the present study, 376 consecutive stroke 
patients on a Canadian inpatient rehabilitation unit were concurrently administered the FIM 
and the FAM. Rasch analysis was used to evaluate how well the FAM items extended the 
difficulty range of the FIM for both the Motor and Cognitive domains. Within the Motor 
domain, only the FAM item assessing Community Access was found to be more difficult than 
extant FIM items, and this item showed some tendency to misfit with the other motor items. In 
the Cognitive domain, the only FAM item with a higher difficulty level than the FIM items 
was that assessing Employability. Notably, strict adherence to scoring guidelines for these 
two FAM items requires taking patients out into the community to evaluate their actual 
performances, a practice unlikely in the typical inpatient stroke rehabilitation unit. Results 
indicate that use of the entire FAM as an adjunct to the FIM reduces test efficiency while 
providing only minimal additional protection against ceiling effects. 

Requests for reprints should be sent to Richard Linn, Center for Functional Assessment 
Research, 232 Parker Hall, State University of New York at Buffalo, 3435 Main Street, 
Buffalo, New York, 14214, e-mail: Rlinn@acsu.buffalo.edu. 

mailto:Rlinn@acsu.buffalo.edu


340 LINN, et al. 

The Functional Independence Measure (FIMI'M) is an 18-item, 7 -level scale 
that reliably and validly assesses change in functional status and burden 
of care in individuals receiving inpatient rehabilitation (Deutsch, Braun, 
and Granger, 1997). The FIM is a generic functional assessment tool in 
the sense that it can be used effectively across a wide spectrum of reha
bilitation diagnoses, including but not limited to stroke, spinal cord in
jury, brain injury, and orthopedic conditions. The FIM has been shown to 
have predictive validity in terms of predicting minutes of assistance and! 
or supervision needed by individuals with brain injury (Corrigan, Smith
Knapp, and Granger, 1997; Granger, Divan and Fiedler, 1995). 

Concerns have been raised about use of the FIM for individuals re
ceiving rehabilitation for traumatic brain injury because at discharge from 
the inpatient rehabilitation setting FIM scores tend to be high, suggesting 
a "ceiling effect" (Hall, Mann, High, Wright, Kreutzer, and Wood, 1996). 
To address these concerns, Hall and her colleagues developed the Func
tional Assessment Measure (FAM; Hall, 1997), incorporating all 18 FIM 
items as well as 12 additional items that assess areas of function not cov
ered by the FIM. The FAM's primary purpose was to improve the sensi
tivity of the FIM by extending its range ofdifficulty (FAM Resource Guide, 
version 6.96; 1996). 

The FAM was initially developed for use both with survivors of 
stroke and traumatic brain injury (Hall, 1992). There are, however, few 
studies reporting on the use of the FAM with stroke patients. In the single 
published study known to us to use the FAM to evaluate stroke patients 
(McPherson, Pentland, Cudmore, and Prescott, 1996), a small mixed 
sample ofneurorehabilitation inpatients containing some individuals with 
"hemorrhagic brain injury" were assessed with the combined FIM and 
FAM instruments (FIM+FAM); inter-rater reliability of the FIM+FAM 
was shown to be good (Kappa values of .50 to .95) for all but one of the 
FAM items (Adjustment to Limitations). The McPherson, et aI., (1996) 
paper did not address the issue of how well the FAM extends the range of 
theFIM. 

Although the FAM was developed to extend the range of the FIM, 
its ability to ameliorate ceiling effects remains unknown. Addition of 
new items to an established instrument, even items with good face valid
ity, may change the internal consistency of the existing test, and thereby 
affect predictive, content, and/or construct validity. Further, adding items 
to an existing measure increases the time necessary for data collection, 
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placing an increased burden upon the patient, the clinician, and ultimately 
the health care delivery system. Any change in test efficiency, defined 
here as the ratio between the amount of information provided by new test 
items and the cost of collecting extra information, produced by addition 
of test items must be considered before adding new items to an estab
lished instrument. 

In the current study, all 30 items from the FIM+FAM were adminis
tered prospectively to a large group of individuals receiving inpatient re
habilitation services in Canada following stroke. The primary purpose of 
this study was to compare the scaling characteristics of the FIM and FAM 
in an inpatient stroke sample. Rasch analysis (Wright and Stone, 1979) 
was used to determine how well FIM and FAM items measured the same 
underlying trait, and also to investigate whether FAM items extended the 
difficulty range of the FIM and thus ameliorated potential ceiling effects. 

Methods 

Subjects 

Participants in this study were selected from the 386 consecutive ad
missions to the Stroke Rehabilitation Program at Sisters ofCharity of Ottawa 
Health Service (SCOHS) in Ottawa, Ontario between July 1, 1992 to Decem
ber 31, 1995. Since it was anticipated that the majority of stroke cases would 
have clear evidence of unilateral dysfunction (i.e., right body dysfunction vs. 
left body dysfunction), those with bilateral impairment (N = 7) or without 
overt hemiplegialhemiparesis (N =3) were excluded from further analyses. 
Of the remaining 376 patients, 187 had right-sided herniplegialhemiparesis 
(Right Body Dysfunction group; RBD) and 189 had left-sided hemiplegia! 
hemiparesis (Left Body Dysfunction group; LBD). 

Instruments 

The Functional Independence Measure (FIMTM) instrument is an 18
item ordinal scale that is used to describe an individual's independence in 
performing functional activities required to support basic aspects of daily 
living (Deutsch, Braun and Granger, 1997). Each ofthe 18 items is evalu
ated and scored on the same 7-level scale, ranging from a score of "I" 
(Total Assistance) to "7" (Complete Independence). FIM total scores, 
derived from summing the 18 individual items, range from 18 to 126; a 
total score of 126 represents the highest level of independence (Guide for 
the Uniform Data Set for Medical Rehabilitation, Version 4.0, 1993). Psy
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chometric studies have indicated that the FIM is best represented as two 
subscales: a 13-item Motor FIM score and a 5-item Cognitive FIM score 
(Fiedler and Granger, 1996). Previous work has shown that the FIM in
strument has good reliability, as well as high face validity, construct va
lidity and predictive validity (Deutsch, Braun and Granger, 1997). 

The Functional Assessment Measure (FAM) was developed at the 
Santa Clara Valley Medical Center by Hall and associates (Hall, 1997) 
and was designed as an adjunct to the FIM for use with patients with brain 
injury or stroke. The FAM is meant to address areas of functioning that 
are not broadly represented in the FIM, such as communication, psycho
social adjustment and cognitive functions (FAM Resource Guide, 6.96, 
1996). The FAM consists of 12 items: three items assess the Motor do
main, and nine items assess the Cognitive domain. These items are scored 
on the same seven-point ordinal scale as the FIM. FAM items are rated in 
a similar time frame as the FIM and, like the FIM, ratings are expected to 
reflect actual performance rather than the patient's potential capacity to 
perform an item. 

Procedure 

Data Collection and Analyses: FIM data were collected using Uni
form Data Set for Medical Rehabilitation (UDSMR) standards (Guide for 
Uniform Data Set for Medical Rehabilitation, version 4.0, 1993); FAM 
data were collected in accordance with published criteria (FAM Resource 
Guide, 6.96, 1996). Both sets of standards include collecting the data 
within 72 hours of admission, and again within 72 hours prior to dis
charge. Wherever possible, patient's actual functional performances, rather 
than their potential capacity to perform the function, were assessed. For 
FIM items, raters scored an item as "1", reflecting Total Dependence, 
whenever a particular item could not be directly assessed. This practice 
is in accordance with UDSMR scoring guidelines. However, strict inter
pretation of scoring guidelines for some FAM items (i.e., Community 
Access, Employability) requires evaluation of the patient in the commu
nity rather than in the hospital, a process not usually feasible for stroke 
inpatients. For most cases, these items were scored as estimates of the 
patient's ability, based upon all available information. It is our belief that 
this scoring approach reflects the method employed in the typical clinical 
setting. Individuals collecting these data had previous experience admin
istering the FIM and FAM but had not undergone the credentialing pro
cess offered by UDSMR. Data were collected by all members of the 
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rehabilitation team, including physicians, nurses, physiotherapists, occu
pational therapists, speech and language pathologists, and psychologists. 
When disagreement regarding scoring individual items arose, the relevant 
FIMIFAM scoring guidelines were reviewed and team consensus was used 
to score the item. 

When scoring the Locomotion: WalklWheelchair FIM item, we 
applied the scoring standards as set by the UDSMR. In general, scoring for 
this item ensured that the same mode of locomotion (either walking or 
using a wheelchair) was used for scoring purposes at both admission and 
discharge. In cases where the mode of locomotion changed from admis
sion to discharge, both the discharge and admission scores reflected the 
mode of locomotion being used most frequently at discharge. 

Data analyzed in the current study were gathered in Ottawa, Canada. 
To address potential differences in rehabilitation practices between Canada 
and the U.S., data collected in Canada were compared to data collected 
during the same time period by the Uniform Data System for Medical Re
habilitation (UDSMRSM) and FIM SystemSM • The FIM SystemSM is used to 
evaluate outcomes in more than 1,200 rehabilitation facilities in the U.S., as 
well as in thirteen other countries (UDSMR personal communication, 1998). 
Demographic and aggregate raw score FIM data from Canada were com
pared to similar UDSMR data drawn from stroke cases discharged from U.S. 
facilities in 1994 (Fiedler, Granger and Otten bacher, 1996). To compare 
the Rasch-converted measures, a sample of slightly less than 50,000 cases, 
containing approximately equal numbers of individuals with right and left 
body dysfunction, was abstracted from the UDSMR dataset, with the prereq
uisite that this sample include only patients in their first rehabilitation ad
mission for stroke, discharged during calendar year 1994, and with clear 
evidence of unilateral motor/sensory involvement. Based upon previous 
experience with Rasch analysis of the UDSMR data, it was anticipated that 
item difficulty patterns might differ between LBD and RBD patients. Ac
cordingly, these stroke subgroups were analyzed separately. 

Data were entered into the SPSSIPC+, version 7.5 Data Entry mod
ule (SPSS Base 7.5 Applications Guide, 1997). SPSS was used to ana
lyze demographic trends and to compute measures of central tendency 
using raw FIM and FAM item scores. In previous, unpublished work, we 
have found that some of the scaling characteristics of the FIM differ by 
side of body affected by stroke. To evaluate these differences, demo
graphic characteristics and FIM summary scores for stroke patients with 
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right body dysfunction (RBD) were compared to stroke patients with left 
body dysfunction (LBD) using independent sample t-tests. 

The BIGSTEPS computer program, version 2.7 (Lin acre and Wright, 
1997) was used to perform Rasch analysis ofFIM and FAM items. Since 
slightly different scaling characteristics were expected for RBD vs. LBO 
stroke patients, Rasch analyses were run independently for these two 
groups and the results are reported separately. The Andrich "Rating Scale" 
model was applied for all Rasch analyses. This model, which is the de
fault for model selection within the BIGSTEPS program, assumes that 
the same rating scale structure is shared among the entire set of test items 
(Wright, 1998). Given that the FIM and the FAM are all scored using the 
same 1 through 7 scoring levels, and having no reason to suspect differ
ences in scaling among the items, we chose the rating scale model for the 
present analyses. The BIGSTEPS program converts raw item scores into 
units known as "logits" using a maximum likelihood estimation process. 
Person and item measures are estimated simultaneously using the UCON 
algorithm. This process converts the unequal interval scores present within 
the FIM+FAM ordinal items into measures with equal intervals (Wright 
and Masters, 1982). These logit scores were further transformed using 
the USCALE and UMEAN commands available within BIGSTEPS so 
that the lowest reportable person measure was 0 and the highest report
able person measure was 100. Converted measure scores were then used 
to evaluate item difficulty. The BIGSTEPS program offers the potential 
to "anchor" items from one test form with rasch calibrations from another 
test form containing overlapping items with the first. We chose not to 
anchor the items in the current study since we were interested in evaluat
ing the difficulty hierarchy ofFIM+FAM items independently for the RBO 
and LBO groups, as well as for admission and discharge evaluations. 

The BIGSTEPS program provides a number of quality control sta
tistics known as "fit" statistics, including 1) Infit Mean Square-reflect
ing the presence of unexpected outliers or unusual responses in terms of 
the central range of the measure or person; and 2) Outfit Mean Square
again reflecting unexpected outliers or unusual responses (Lineacre and 
Wright, 1997). Mean square outfit or infit scores greater than or equal to 
1.5 were considered to indicate possible misfit between the specific item 
and the measurement model reflected by the other items in the scale. 

There are no "hard and fast" rules when it comes to setting limits on 
the size of mean square summary statistics (Wright and Linacre, 1994), 
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and setting such limits has been a contentious issue in the measurement 
literature. The higher one sets the upper limit, the greater the likelihood 
that one will accept items or data with more noise than the proposed model. 
On the other hand, setting these thresholds too low will cause the possible 
unnecessary rejection of items or persons. We have established an upper 
threshold of 1.5 in our laboratory, using rules of thumb proposed by Wright 
and Linacre (1994), who indicated that acceptable ranges for fit statistics 
for rating scales are 0.6-1.4 and for clinical observations are 0.5-1.7. 
Our choice of 1.5 as the upper cut-off represents our interpolation of these 
rules of thumb, and corresponds closely to recent discussions of evalua
tions offit statistics (Linacre, 1999; Smith, 1996). Further, setting thresh
olds at 1.5 or even higher has support in the recent stroke literature. For 
example, Segal, Heinemann, Schall and Wright (1997) referenced item fit 
residual thresholds of > .2.0 and < -2.0 as indicating problems in their 
evaluations of long-term outcomes following stroke. 

Results 

Demographic Comparisons 

Demographic breakdown of the Canadian stroke sample by age, gen
der, length of stay, onset to rehabilitation, and side of motor dysfunction is 
presented in Table 1. Independent groups t -tests comparing the LBD to the 
RBD patients on continuous demographic data (age, onset to rehabilitation, 

Table 1 

Demographic Characteristics ofthe SCOHS Stroke Sample in Comparison to 
First Admissions for Stroke from the UDSMR Database, 1994 

Demographic Variable Left Body Right Body UDSMR Stroke 
Dysfunction Dysfunction Cases-First 

Admissions 1994 

Sample Size 189 187 47,124 

Age - Mean years (SO) 67.5 (10.6) 66.6 (11.6) 70.0 

Gender (% Male) 49.7 52.9 48.0 

FIM Total Score-Admission 
Mean Score (SO) 84.6 (22.0) 86.1 (24.2) 62.5 

FIM Total Score-Oischarge 
Mean Score (SO) 98.9 (23.2) 102.7 (20.7) 86.6 

Length of Stay-Mean 
number of days (SO) 72.1 (25.5) 74.6 (27.4) 25.0 

Onset to Rehabilitation 
Mean number of days (SO) 76.7 (50.8) 70.8 (40.3) 17.0 
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length of stay) disclosed no significant group differences at the p < 0.05 
level. Chi-square analysis indicated that the two stroke groups did not dif
fer with respect to the proportion of males to females. T -tests disclosed no 
differences between the two stroke groups (RBD vs. LBD) with respect to 
raw (Le., non-Rasch transformed) FIM scores at admission and raw FIM 
scores at discharge. These findings suggest that on average the two groups 
were of equal severity both at the beginning and at the end of inpatient 
rehabilitation. 

Non-statistical comparison of the Canadian stroke sample to the 1994 
UDSMR data (See Table 1) suggested that on average Canadian patients 
were less disabled than U.S. patients upon admission to rehabilitation. 
For example, the Canadian patients remained in the acute setting before 
being transferred to rehabilitation more than four times as long as their 
U.S. counterparts (See Table 1). Canadian stroke patients had rehabilita
tion lengths of stay that were almost three times higher, and had higher 
admission and discharge FIM scores, than patients in the U.S. sample. 
The higher admission FIM scores in the Canadian sample probably re
flect the increased length of time Canadian patients spend in acute care: 
the longer these patients remain in acute care, the more functional recov
ery they are likely to show prior to entering the rehabilitation setting. 
Higher FIM scores at discharge in the Canadian sample are pertinent to 
the present analyses since one stated purpose of developing the FAM was 
to help overcome potential ceiling effects in the FIM. Such ceiling ef
fects should be more apparent in a stroke sample with higher general func
tional status than is typical in the U.S. during inpatient rehabilitation. 

Analysis ofFloor and Ceiling Effects 

To evaluate the presence of floor and ceiling effects in the Canadian 
sample, the frequency distributions of raw FIM and FIM +FAM summary 
scores for three indices (Total Score, Motor Score and Cognitive Score) 
were evaluated. Table 2 displays the results of these analyses. To evalu
ate ceiling effects, we assessed the extent to which summary scores at 
admission or discharge were scored at an average item score of 6.0 or 
higher (i.e., Modified Independence level). A threshold of 6.0 was used 
as a marker of potential ceiling effects because previous work with the 
FIM has shown that the burden of care placed upon a care provider does 
not differ between patients with average item scores of 6.0 and patients 
with the highest possible average item score (Le., 7.0). The frequency 
analysis shown in Table 2 demonstrates that potential ceiling effects were 
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Table 2 

Summary of Ceiling and Floor Effects for FIM and the FIM+FAM raw sum
mary scores 

Ceiling Effects 	 Percent of patients Percent of patients 
with average item 	 with average item 
scores of 6.0 or greater 	 scores of 6.0 or greater 
at admission 	 at discharge 

FIM Motor Score 23.9 54.0 
FIM Cognitive Score 29.8 41.5 
FIM Total Score 18.4 52.9 
FIM+FAM Motor Score 22.6 53.7 
FIM+FAM Cognitive Score 21.3 39.6 
FIM+FAM Total Score 13.8 41.8 

Floor Effects 	 Percent of patients Percent of patients 
with average item with average item 
scores of less than 2.0 scores of less than 2.0 
at admission at discharge 

FIM Motor Score 5.1 2.1 
FIM Cognitive Score 1.6 1.1 
FIM Total Score 2.1 .5 
FIM+FAM Motor Score 4.0 1.3 
FIM+FAM Cognitive Score 1.6 1.1 
FIM+FAM Total Score 1.6 .5 

present in the FIM in 18-30% of patients at admission and in 40-54% of 
patients at discharge. When FIM+FAM scores were considered using the 
same criteria, between 14-23% of patients demonstrated potential ceiling 
effects at admission, and 40-54% of patients demonstrated potential ceil
ing effects at discharge. 

Table 2 demonstrates that floor effects were not a major problem within 
this data set for either the FIM alone or for the FIM+FAM combined scale. 
Using the criterion of average item scores ofless than 2.0, fewer than 5% of 
patients demonstrated potential floor effects at either admission or discharge. 

Rasch Analysis ofFIM Motor Items 

Fit statistics from Rasch analysis of FIM Motor items for the RBD 
stroke patients are presented in Table 3, separated by admission and dis
charge. Table 3 shows that the Eating, Bowel, Bladder, and, to a lessor 
extent, Locomotion: WalklWhee1chair items were misfitting in the Ot
tawa data, both at admission and discharge. Table 3 provides a similar 
evaluation of Rasch fit statistics for LBD stroke cases. For this subgroup 
of stroke patients, the Eating, Bowel, Bladder and Locomotion: Walk! 
Wheelchair items were again misfitting. 
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Table 3 

Rasch Mean Square Infit and Outfit Statistics for FIM Motor Items for SCOHS 
Stroke Cases, Categorized by Side ofBody Dysfunction 

Right Body Dysfunction Left Body Dysfunction 
Item Inilt OUtfit Inflt OUtfit In'lt Outf.t Ini.t Oud.t 

Adml••ion Admission Discharlle Dlscharlle Admission Admission Discharlle Discharlle 

Eating 2.71* 5.34* 3.40* 9.90* 2.45* 9.90* 2.63* 9.90* 
Grooming 1.21 0.90 1.41 0.86 1.20 0.99 1.12 0.61 
Bowel 1.81* 3.10* 1.86* 2.42* 1.29 2.08* 1.52* 2.46* 
Bladder 2.42* 2.63* 2.26* 1.36 2.09* 1.58* 2.72* 2.24* 
Dress-Upper 0.93 1.00 1.42 0.84 1.05 1.12 0.98 0.85 
Transfer: Bed 0.48 0.58 0.57 0.49 0.37 0.44 0.37 0.40 
Transfer: Toilet 1.07 0.87 0.42 0.39 0.32 0.39 0.35 0.38 
Toileting 0.51 0.45 1.01 0.66 0.46 0.46 0.67 0.54 
Bathing 0.40 0.60 0.79 0.69 0.43 0.58 0.55 0.61 
Dressing-Lower 0.48 0.51 0.97 0.78 0.59 0.54 0.78 0.62 
Locomotion: 

WalklWheelchair 1.78* 2.03* 1.59* 1.50* 2.37* 2.45* 1.88* 2.17* 
Transfer: Tub 1.07 0.87 0.80 0.73 0.73 0.57 0.65 0.60 
Locomotion: Stairs 1.00 0.91 0.79 0.85 0.95 0.70 0.91 0.70 

*Indicates fit statistic scores;;, 1.5 suggesting possible misfit 

Rasch Analysis ofFIM Cognition Items 

Rasch fit statistics for the FIM Cognition items are shown in Table 
4. For RBD cases the Social Interaction and Expression items were 
misfitting, whereas for LBD cases none of the items were misfitting. 

Table 4 

Rasch Mean Square Infit and Outfit Statistics for FIM Cognition Items for 
SCOHS Stroke Cases, Categorized by Side ofBody Dysfunction 

Risht Bodl Dlsfunction Left Bodl Dlsfunctlon 
Item Inl.t Outf.t Inlit Outfit Inllt Outf.t Infit Outfit 

Admission Admission Discharge Discharge Admission Admission Discharg. Discharae 

Problem Solving 0.66 0.68 0.65 0.65 0.76 0.73 0.78 0.75 

Memory 0.90 1.08 0.76 0.89 1.35 1.30 1.39 1.28 

Social Interaction 1.30 1.47 1.29 1.72* 1.05 1.15 0.82 1.00 

Comprehension 1.12 1.17 1.23 1.40 0.80 0.68 0.77 0.67 

Expression 2.08* 1.75* 1.94* 1.72* 1.16 0.96 1.27 1.04 

*Indicates fit statistic scores;;, 1.5 suggesting possible misfit 

Rasch Analysis ofFIM+FAM Motor Items 

Rasch fit statistics for the combined FIM+FAM Motor items from 
the Canadian sample are shown in Tables 5 and 6. For LBD cases, the 
Swallowing and Eating items were relatively severely misfitting, the Bowel 
and Bladder items were moderately misfitting, and the Locomotion: Walk! 
Wheelchair item was marginally misfitting. For individuals with RBD, 
Eating, Swallowing, Bowel, Bladder and Community Access items were 
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misfitting. The FIM Locomotion: WalklWheelchair item was misfitting 
at admission, but was not misfitting at discharge. 

Table 5 

Mean Square Infit and Outfit Statistics for the SCaRS Data, FlM & FAM Mo
tor Items Combined, For Left Body Dysfunction 

SCOHS Data 
Admission Discharge 

Item Infit Outfit Infit Outfit 

Locomotion: Stairs 0.95 0.70 0.80 0.60 
Community Access* 1.12 1.27 1.23 1.33 
Transfer-Tub 0.72 0.57 0.57 0.52 
Transfer-Car* 0.41 0.38 0.57 0.56 
Locomotion: 

WalklWheelchair 2.32** 2.45** 1.86** 2.07** 
Dressing-Lower 0.62 0.57 0.90 0.70 
Bathing 0.43 0.51 0.58 0.58 
Toileting 0.49 0.48 0.77 0.61 
Transfer-Toilet 0.31 0.35 0.37 0.38 
Transfer-Bed 0.35 0.39 0.38 0.37 
Dressing-Upper 1.06 1.09 1.05 0.86 
Bladder 2.01 ** 1.56** 2.70** 2.21** 
Bowel 1.23 1.77** 1.56** 2.59** 
Grooming 1.20 0.95 1.11 0.60 
Swallowing* 1.93** 7.96** 1.88** 7.58** 
Eating 2.32** 9.90** 2.49** 9.90** 

*Indicates FAM item 
**Indicates fit statistic scores z 1.5 suggesting possible misfit 

Rasch item difficulty hierarchies for the FIM+FAM Motor items 
are depicted in Table 7. For RBD patients evaluated at discharge, the 
Community Access item was more difficult than the remaining items. 
Otherwise, the Community Access item was easier than the FIM Stairs 
item. The Swallowing item, on the other hand, was generally easier than 
the majority of FIM or FAM Motor items, but notably was not easier 
than the FIM Eating item. The Car Transfer item was moderately diffi
cult, but less difficult than the FIM Transfer: Tub motor items. 

Rasch Analysis of FlM + FAM Cognition Items 

Table 8 shows Rasch fit statistics for individuals with LBD. The 
Speech Intelligibility item was most misfitting, and the Writing, Expres
sion and Orientation items were also misfitting. Similar fit statistics for 
RBD patients are provided in Table 9. The Orientation item was margin
ally misfitting for RBD cases at discharge. 
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Table 6 

Mean Square Infit and Outfit Statistics for the SCOHS Data, FIM & FAM Mo
tor Items Combined For Right Body Dysfunction 

SCOHS Data 
Admission Discharge 

Item Infit Outfit Infit Outfit 

Locomotion: Stairs 0.90 0.79 0.77 0.75 
Community Access* 2.09** 2.08** 1.61 ** 1.81 ** 
Transfer-Tub 0.91 0.74 0.68 0.62 
T ransfer-Car* 0.65 0.61 0.65 0.59 
Locomotion: 

WalklWheelchair 1.58** 1.61** 1.43 1.29 
Dressing-Lower 0.51 0.54 1.01 0.81 
Bathing 0.40 0.45 0.79 0.65 
Toileting 0.51 0.46 1.00 0.65 
Transfer-Toilet 0.42 0.41 0.41 0.38 
Transfer-Bed 0.45 0.53 0.54 0.46 
Dressing-Upper 0.85 0.88 1.34 0.77 
Bladder 2.21 ** 2.26** 2.13** 1.40 
Bowel 1.57** 2.28** 1.67** 1.93** 
Grooming 1.10 0.81 1.30 0.81 
Swallowing* 1.93** 3.48** 2.60** 4.31 ** 
Eating 2.51 ** 3.70** 3.27** 6.64** 

*Indicates FAM item 
**Indicates fit statistic scores ;0, 1.5 suggesting possible misfit 

Rasch item difficulty hierarchies for the FIM +FAM Cognition items 
for LBD cases are shown in Table 10. The Employability item was found 
to extend the FIM in the difficult direction, but none of the FAM items 
were found to extend the FIM at the easy end of the difficulty continuum. 
Table 10 also displays Rasch measure scores for the RBD cases. The 
Employability item was again found to extend the FIM in the difficult 
direction, and the Orientation item was found to extend the FIM in the 
easy direction. 

Discussion 

In a previous report outlining the results of Rasch analysis of the 
FAM, Hall, et aI., (1993) stated "The FAM items were more widely spread 
in difficulty than the FIM items (average scores for patients were highest 
for swallowing and lowest for community mobility, stairs, and car trans
fers. These FAM items extended the range of measured difficulty beyond 
that of FIM items" (p. 67). In· the present study, Rasch analysis was also 
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Table 7 

Rasch Converted Measure Scores for J3 FlM and 3 FAM Motor Items 

SCOHS Data 
Left Body Left Body Right Body Right Body 

Dysfunction Dysfunction Dysfunction Dysfunction 
Item Admission Discharge Admission Discharge 
Locomotion: Stairs 67.0 68.0 64.0 67.0 
Community Access* 60.0 65.0 63.0 71.0 
Transfer-Tub 64.0 65.0 63.0 63.0 
Transfer-Car* 61.0 63.0 60.0 62.0 
Locomotion: 

WalklWheelchair 55.0 49.0 55.0 51.0 
Dressing-Lower 57.0 56.0 55.0 53.0 
Bathing 54.0 55.0 53.0 54.0 
Toileting 53.0 54.0 53.0 51.0 
Transfer-Toilet 56.0 55.0 54.0 54.0 
Transfer-Bed 55.0 53.0 53.0 53.0 
Dressing-Upper 51.0 51.0 49.0 44.0 
Bladder 42.0 45.0 41.0 42.0 
Bowel 37.0 40.0 40.0 46.0 
Grooming 38.0 38.0 41.0 40.0 
Swallowing* 28.0 24.0 35.0 30.0 
Eating 22.0 18.0 23.0 19.0 

Note: Higher measure scores indicate items of greater difficulty 
*Indicates FAM item 

Table 8 

Mean Square Infit and Outfit Statistics for the SCOHS Data, FIM & FAM Cog
nitive Items Combined For Left Body Dysfunction 

SCOHS Data 
Admission Discharge 

Item Infit Outfit Infit Outfit 
Employability* 0.79 0.81 0.76 0.73 
Problem Solving 0.87 0.92 0.86 0.86 
Safety Judgement* 0.55 0.64 0.47 0.47 
Adjustment to Limitations* 0.61 0.67 0.77 0.76 
Memory 0.99 1.02 0.93 0.93 
Emotional Status* 0.98 1.10 1.14 1.21 
Attention* 1.08 1.04 0.99 0.91 
Orientation* 1.32 1.08 1.65** 1.05 
Social Interaction 1 :06 1.03 0.96 0.97 
Writing* 1.65** 1.45 1.87** 1.81** 
Reading* 1.05 0.94 1.32 1.34 
Speech Intelligibility' 1.93** 2.27** 1.22 2.24** 
Expression 1.80** 1.67** 1.89** 1.74'* 
Comprehension 1.05 0.69 1.25 0.79 

*Indicates FAM item 
** Indicates fit statistic score;, 1.5 suggesting possible misfit 
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Table 9 

Mean Square Infit and Outfit Statistics for the SCOHS Data, F1M & FAM 
Cognitive Items Combined For Right Body Dysfunction 

SCOHS Data 
Admission Discharge 

Item Infit Outfit Infit Outfit 
Employability" 0.81 0.89 0.91 0.88 
Problem Solving 0.75 0.76 0.86 0.81 
Safety Judgement· 0.63 0.79 0.49 0.64 
Adjustment to Limitations" 0.69 0.77 0.65 0.68 
Memory 1.37 1.25 1.46 1.28 
Emotional Status· 0.81 0.95 0.75 0.93 
Attention" 1.34 1.27 1.22 1.01 
Orientation· 1.43 1.07 2.04·" 1.26 
Social Interaction 0.76 0.79 0.82 0.92 
Writing· 0.95 0.90 1.06 1.02 
Reading· 0.69 0.64 0.79 0.73 
Speech Intelligibility· 1.53 1.34 1.71 1.47 
Expression 1.33 1.20 1.41 1.16 
Comprehension 1.00 0.87 0.95 0.77 

"Indicates FAM item 
""Indicates fit statistic" 1.5 suggesting possible misfit 

Table 10 

Rasch Converted Measure Scores for 5 FIM and 9 FAM Items 

Left Body Dysfunction Right Body Dysfunction 
SCOH SCOH SCOH SCOH 

Item Admission Discharge Admission Discharge 
Employability" 76.0 75.0 67.0 67.0 
Problem Solving 61.0 65.0 56.0 57.0 
Safety Judgement· 62.0 61.0 54.0 52.0 
Adjustment to Limitations" 58.0 58.0 51.0 52.0 
Memory 57.0 59.0 50.0 50.0 
Emotional Status· 55.0 55.0 48.0 48.0 
Attention" 54.0 55.0 44.0 42.0 
Orientation" 49.0 48.0 43.0 38.0 
Social Interaction 47.0 45.0 43.0 42.0 
Writing" 40.0 42.0 51.0 54.0 
Reading" 38.0 39.0 48.0 49.0 
Speech Intelligibility" 38.0 36.0 48.0 48.0 
ExpreSSion 33.0 31.0 51.0 52.0 
Comprehension 32.0 31.0 47.0 47.0 

Note: Higher logit scores indicate items of greater difficulty 
"Indicates FAM item 
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used to evaluate the degree to which adding items from the FAM increased 
the FIM's range. Increases in a test's range can be gained through exten
sions of a scale at either end of the difficulty continuum, so we evaluated 
how well the FAM items extended the FIM for both the most difficult and 
the easiest items. However, since the FIM has most often been cited as 
potentially showing ceiling effects, especially at discharge from rehabili
tation (Hall, et aI., 1996), we concentrate in the present discussion on 
how many of the FAM items were more difficult than FIM items. 

In addition to evaluating the difficulty range of FIM+FAM items, 
we also assessed within the Rasch analyses the degree to which FAM 
items "fit" with FIM items in measuring the same underlying construct. 
This practice has previously been shown to be an effective method to 
evaluate the quality of functional assessment instruments (Tesio, Perucca, 
Battaglia, and Franchignoni, 1997). 

Before addressing the scaling characteristics of the FIM+FAM, it is 
instructive to note that in this Canadian stroke sample the FIM alone dem
onstrated evidence of ceiling but not floor effects. Ceiling effects were 
seen as potentially affecting as many as 30% of these inpatients at admis
sion and more than 50% of the inpatients at discharge. The current findings 
may therefore be seen as supporting the presence of ceiling effects for the 
FIM in this Canadian inpatient sample. It must be stressed, however, that 
the Canadian sample had a strikingly different mean functional profile at 
rehabilitation admission when compared to averages taken from a large 
U.S. sample. Admission FIM scores were, on average, 22 points higher in 
the Canadian sample, and discharge FIM scores were 12 points higher. 
Further analysis would be needed to determine if ceiling effects are present 
when the FIM is applied to stroke patients in the typical U.S. setting. 

Rasch analysis of the FIM+FAM in this stroke sample showed that 
the only FAM Motor item demonstrating a higher difficulty level than 
extant FIM Motor items was that measuring Community Access. Of note, 
the Community Access item surpassed the FIM Stairs item in difficulty 
level only for stroke patients with right body dysfunction at discharge. 
The Car Transfer item from the FAM was consistently easier than the 
FIM Transfer: Tub item. Hall, et aI., (1993) previously reported that the 
FAM Swallowing item was consistently the easiest item in their sample. 
However, in the current investigation, we found that the FIM Eating item 
was easier than the Swallowing item both at admission and at discharge. 

Rasch analysis of the nine FAM Cognition items indicated that only 
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one item, Employability, was more difficult than extant FIM Cognition 
items. At the easy end of the difficulty hierarchy, the FIM Comprehen
sion item was consistently easier than the FAM items. The Employability 
item also demonstrated good fit statistics, suggesting that this FAM item 
was measuring a similar underlying trait as that assessed by the other FIM 
Cognition items. Most of the remaining FAM Cognition items demon
strated acceptable fit statistics, with the exception of the item assessing 
Speech Intelligibility. 

Rasch converted measure scores for each of the FIM+FAM motor 
items, separated by side of body affected and admission vs. discharge 
status, are displayed in Figure 1. In this figure, it can be seen that in 
general, there were very few differences in the item hierarchy rankings 
when comparing stroke patients with LBD versus those with RBD. The 
Stairs item tended to be the most difficult item, except for RBD patients 
at discharge where the Community Access item was most difficult. At 
the easy end of the difficulty hierarchy, the Bowel item was easier than 

Rasch Converted Measure Scores for FIM+FAM Motor Items 

75,------------------------------------------------~ 

65ri~~~~~~--------------------------------------~ 

25r-----------------------------------~------_4~--~ 

I- e- LBD-A--LBO-O- e· RBO-A __RBO_ol 

Figure 1. Rasch converted measure scores for the FIM+FAM Motor items, 
separated by side of body involvement and time of assessment (LBD - A: Left 
Body Dysfunction at Admission; LBD - D: Left Body Dysfunction at Discharge; 
RBD - A: Right Body DysfunctiOli at Admission; RBD-D: Right Body Dysfunction 
at Discharge). Higher scores represent items of greater difficulty. The three 
FAM items are identified with an *. 
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the Bladder item for LBD at both admission and discharge but was more 
difficult than the Bladder item for RBD at discharge. The Grooming item 
was easier than the Bowel item for the LBD group but was slightly more 
difficult than the Bowel item for the RBD group at admission. There was 
less separation between the Swallowing and Eating items for the LBD 
group than there was for the RBD group. Comparisons of admission and 
discharge rankings disclosed negligible differences. 

Rasch converted measure scores for each of the FIM+FAM cogni
tive items, separated by side of body affected and admission vs. discharge 
status, are displayed in Figure 2. In this figure, differences between the 
LBD and RBD item hierarchies are clearly evident for items containing 
measurement of language-related activities (Writing, Reading, Speech 
Intelligibility, Expression, and Comprehension). Whereas for the LBD 
group these items tended to be easier than some other cognitive items, for 
the RBD group these items were more difficult or equally difficult as 
other cognitive items such as Social Interaction, Orientation, or Atten
tion. Likely, this distinction represents the differential presence of apha
sia in the RBD (presumably left-hemisphere involved) group, and possibly 
the differential presence of attentional and/or orientation problems in the 
LBD (presumably right-hemisphere involved) group. Within both the LBD 
or RBD groups, the Employability item emerged consistently as the most 
difficult item. Shifts in the overall difficulty hierarchy from admission to 
discharge again appeared negligible. 

The findings summarized above provide little justification for use 
of the FAM as a whole to extend the range of the FIM and to decrease 
potential ceiling effects. Only two of the 12 FAM items demonstrated 
greater item difficulty than existing FIM items. Therefore, only these two 
items appear to have utility in ameliorating potential ceiling effects. Us
ing the entire set of items offered within the FAM would needlessly in
crease test length without appreciably increasing test difficulty, thereby 
producing a net loss in test efficiency. 

One potential outcome from the present investigation is for clinicians to 
add to the FIM the two FAM items that did extend the difficulty range of the 
FIM, namely the Community Access and Employability items. However, 
some concerns must be raised with this approach. First, the Community Ac
cess item was most difficult in only one out of four situations evaluated (i.e., 
when assessing RBD patients at discharge), suggesting that there may be a 
narrow application window for this item. Second, the Community Access 
item did not always demonstrate acceptable fit statistics, raising the possibil
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Rasch Converted Measure Scores for FIM+FAM Cognitive Items 
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Figure 2. Rasch converted measure scores for the FIM+FAM Cognitive items, 
separated by side of body involvement and time of assessment (LBD - A: Left 
Body Dysfunction at Admission; LBD - D: Left Body Dysfunction at Discharge; 
RBD - A: Right Body Dysfunction at Admission; RBD-D: Right Body Dysfunction 
at Discharge). Higher scores represent items of greater difficulty. The nine FAM 
items are identified with an *. 

ity that this item addresses a construct that is distinct from that represented by 
the existing FIM Motor items. An alternate interpretation is that the Commu
nity Access does measure the same construct as the FIM Motor items, but 
was not being scored in a consistent fashion in this sample. Scoring issues are 
always a concern when behaviors must be estimated rather than observed, a 
potential problem with both the Community Access and Employability items. 
Third, although the 18-item FIM has been widely accepted and standardized, 
no national benchmarks are available for the FIM plus these two FAM items, 
leaving clinicians with little means to interpret their findings if they did supple
ment the FIM. Lastly, although these two FAM items do extend the difficulty 
range of the FIM, the increase in range does not appear to be substantial 
enough to warrant changing the existing FIM instrument and associated na
tional benchmarks to accommodate the items. 

Recent work by Tesio and Cantagallo (1998) is consistent with this 
latter argument. In their study of outpatients with brain injury, Tesio and 
Cantagallo (1998) reported that, on average, the FAM items were too easy, 

http:1-.-LBD�A--LBD�D-.-RBD.A---RBD.DI
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and in general both the FAM and the FIM demonstrated ceiling effects in 
this population. In their study, the Employability item was also the most 
difficult Cognitive item, but they noted that it was only slightly more 
difficult than the most difficult Cognitive item from the FIM. 

In the current sample the Eating, Bowel, Bladder and Locomotion: 
WalklWheelchair FIM motor items were misfitting. Previous work in the 
U.S. using Rasch analysis has also shown that the FIM Bowel and Blad
der items tend to misfit (Heinemann, Linacre, Wright, Hamilton, and 
Granger, 1994). One interpretation for this consistent finding is that the 
FIM Bowel and Bladder items involve assessment of both the level of 
assistance needed for sphincter management as well as the presence or 
absence of continence, leading some investigators to suggest that the items 
be changed (Heinemann, et aI., 1994). The misfit attributable to the Walk! 
Wheelchair item may stem from the fact that some individuals are scored 
on this item when using wheelchairs while others are scored without the 
use of assistive devices. This item may need to be separated into two 
items. The reason why the Eating item was misfitting in this sample is 
not clear. 

The FAM was designed to help adjust for ceiling effects in the diffi
culty level of items on the FIM when assessing the functional status of 
brain injured and stroke patients receiving medical rehabilitation, and also 
to provide for evaluation of domains of interest not fully represented on 
the FIM. The current investigation suggests that only two of the FAM 
items have the potential to extend the difficulty level of the FIM and thus 
ameliorate ceiling effects, and one of these items was misfiuing in the 
present sample. In general, our findings suggest that the increase in test 
length and expense associated with adding all of the FAM items to the 
FIM would not be offset by a substantial increase in the difficulty level of 
the FIM, thereby producing a net loss in overall test efficiency. The cur
rent research does support use of two FAM items in conjunction with the 
FIM to address potential ceiling effects. However, clinicians may find it 
burdensome to interpret FIM + 2 FAM scores in the absence of national 
benchmarks for this combination. 
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Evaluating changes in outcome measures over time presents several po
tential problems. A number of confounds may distort true changes, mak
ing it unclear whether observed changes (or lack of changes) are due to 
the intervention under study or some other uncontrolled design effect. 
These uncontrolled effects could introduce apparent changes in partici
pants that are untrue. For example, apparent change in participants may 
be due to unique events that occur during the intervention (e.g., mortality, 
maturation, history). Alternatively, these uncontrolled effects could ob
scure changes in participants, implying that there is no change when, in
deed, changes did take place. These obscuring effects may be due to 
confounds that influence evaluative study control groups (e.g., treatment 
diffusion), the observational procedures (e.g., the Hawthorne effect), or 
statistical procedures (e.g., unreliability of measurement instruments, re
gression toward the mean) (Cook and Campbell, 1979). 

Those who design studies to evaluate the effectiveness of an inter
vention typically implement procedures and features in the designs of 
their studies so that each of these potential confounds to detecting changes 
in participants is minimized to the greatest extent possible. However, even 
the most carefully designed study may be subject to potential confounds 
that are inherent in the very nature of change itself. More specifically, 
when individuals are measured across multiple occasions using typical 
psychological or behavioral instruments (i.e., instruments that measure a 
latent trait by employing several observable indicators of that latent trait), 
it becomes difficult to determine which facets of the measurement system 
are changing and which ones are not (Wright, 1996b). For example, the 
locations of individual people on the underlying continuum that repre
sents the latent trait may shift. On the other hand, if change is measured 
through self-reports or observational ratings, the raters may change the 
ways that they define the rating scale categories from one time to another. 
Additionally, ifthe intervention is successful, we might expect the indica
tors that we employ to measure this change (e.g., test items) to change 
their relative positions on the underlying scale. That is, we might expect 
individuals not only to change their positions on the underlying continuum 
as the result of the intervention, but we might also expect individuals to 
change the ways that they conceptualize or execute the construct being 
measured (Smith, 1997). 

Unfortunately, the models that we use to measure these changes in 
individuals, rating scales, and items do not disentangle changes in one 
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facet of the evaluative context from changes in other facets. As a result, 
we are left with ambiguous diagnosis of the nature of change in our evalu
ative study. Previously, Wright (1996b) proposed a Rasch-based algorithm 
for disentangling these changes, and Wolfe and Chiu (1999) demonstrated 
how this algorithm is applied to evaluative settings involving measure
ment across two occasions. Many evaluative studies involve measures 
that are taken across three or more occasions. The purpose of this article 
is to extend Wright's algorithm by describing how that method can be 
applied to disentangle changes across three time points. To this end, we 
describe the results of a standard analysis of a multi-occasion evaluation 
that produces confusing results that would cause one to draw contradic
tory conclusions about the intervention in question. We then describe and 
apply Wright's correction algorithm to the same data to reveal how the 
expected and predictable changes in the evaluative study were obscured 
by the spill over of change between the mUltiple facets of our measure
ment situation. 

Background 

To evaluate changes in persons over time, the items and rating scales 
that are used to measure changes in persons must be stable across mul
tiple administrations of the measurement instrument. Only when items 
and scales demonstrate invariance across occasions can differences be
tween multiple measures of individual persons be validly interpreted 
(Smith, 1997; Wilson, 1992; Wright, 1996b). When items and scales do 
not demonstrate invariance across occasions, the changes in these facets 
of the measurement context may obscure the true nature of changes in 
person measures. Additional problems in the interpretation of changes in 
persons may be introduced when items are added, deleted, or edited from 
the original measurement instrument; observations are not available for 
all persons on all items across all time points; or rating scale categories 
are changed from one time point to another (Roderick and Stone, 1996, 
April). Because of these issues, scaling methods are often used to place 
measures from different administrations of a measurement instrument onto 
a common underlying scale. 

Rasch Rating Scale Model 

The Rasch Rating Scale Model (RSM) describes the probability that 
a specific person (n) will be rated on a particular rating scale item (i) with 
a specific rating scale category (x) (Andrich, 1978). The equation for this 



MEASURING MULTIPLE OCCASION CHANGE 363 

probability (Equation 1) contains three parameters: the person's ability 
(~n)' the item's difficulty (8), and the category threshold (i.e., the thresh
old between two adjacent scale levels) ('tJ In this model, it is assumed 
that the distance between each category threshold is constant across all 
items. Calibration of data with this model results in a separate parameter 
estimate and a standard error for that estimate for each person, item, and 
category threshold in the measurement context. 

exp f [B n - (8i +r} )] 

P(Xni = x) = }=o ,x=O, 1, ... ,m (1) 

~ exp f [Bn - (8i +r} )] 
x=O }=o 

where P(Xni =x) is the probability that a person n is assigned to rating 
scale category x on item i, which has m + 1 rating scale categories, and 

o 
L (fin - (a i +1)]= o. 

j=O 

Expected values for the RSM can be calculated for any combination 
of person ability and item difficulty (Equation 2). Departures in the data 
from these expected values indicate potential misfit and are captured by a 
fit statistic associated with each parameter estimate. The mean square 
outfit statistic is based on the mean of the squared standardized residuals 
of the observed ratings from their expected values (Wright and Masters, 
1982). The outfit statistic is simply an unweighted average of these squared 
standardized residuals (e.g., Equation 3). 

m 
Eni= LXP(Xni=x),x=O, 1, ... ,m (2)

x=O 

where Eni is the expected value for a combination of person n and item i 
which has m + 1 rating scale categories. P(Xni = x) is given in Equation 1. 

(3) 

where z . = Xni - Eni 
nl ~ 

"V(Xni) 
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m 
and V(Xni) = I,(j-Eni)P(Xni =x),x=O, 1, ... ,m 

x=o 
Outfit statistics are reported as a chi-square statistic, divided by its 

degrees of freedom which results in an expected value of 1.00 and a range 
from 0.00 to 00 (Linacre and Wright, 1994). A mean square outfit statistic 
greater than 1.00 suggests the presence of unexpected residuals in the 
tails of the score distribution, and a mean square outfit value less than 
1.00 indicates less variability than expected based on the RSM. In gen
eral, elements with mean square outfit statistics ranging from 0.8 to 1.4 
are considered to show adequate fit to the model (Wright and Linacre, 
1994), although the cutoff values tend to vary depending on the purpose 
for which the ratings are used. 

Mean square outfit statistics can be standardized (z f.) to have a 
ouL It 

mean of 0.00 and standard deviation of 1.00 (e.g., Equation 4) (Wright 
and Masters, 1982). Estimates with I z I > 2.00 exhibit poor fit to the 
model and should be further examined to determine whether there are 
problems with the scores associated with that particular examinee, item, 
or category threshold. 

z . = (~outfit -1) ( 3 J+(V( outfit) J (4) 
outfit ~ V( outfit) 3 

An important feature of the RSM is that it provides a means for 
evaluating the extent to which person measures are stable across samples 
of items and item calibrations are stable across samples of people (i.e., 
parameter invariance). In the present context, invariance evaluation pro
vides a means for determining the extent to which measures for individual 
persons or calibrations for individual items exhibit changes across mea
surement occasions. The stability of two parameter estimates (8, and 82 ) 

that are obtained on different occasions is evaluated by examining the 
standardized difference (Equation 5) between the two estimates (Wright 
and Masters, 1982). The standardized differences for a population or an 
item pool that conforms to the RSM have an expected value of 0.00 and 
an expected standard deviation of 1.00. Large departures in observed data 
from these expected values indicate estimates that are more or less stable 
over time than would be expected. 
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Problem 

Data 

Data from this study were taken from an evaluation of a family care 
program in which parents, primarily mothers, received interventions 
throughout a year-long program. The foci of the program codified in the 
curriculum were parent-child interactions, family functioning, parent psy
chological functioning, parents' use of community services, and parents' 
and children's use of medical services (Stoffelmayr, Reischl, Lounsbury, 
and Chiu, 1996). Participants were interviewed on three occasions. They 
received intervention including counseling, workshops, parent education, 
and social support throughout the intervention year. The scale measuring 
parent psychological functioning was analyzed for this study. 

Measures for Occasion 1 were taken immediately prior to participa
tion in the program. Measures for Occasion 2 were taken four months 
after the initiation of the intervention. Measures at Occasion 3, serving as 
a maintenance check, were taken six months after the intervention. Hence, 
if the intervention was successful, we would expect each person measure 
to increase (improved psychological functioning) between Occasions 1 
and 2 and to remain at about the same level (possibly with a slight regres
sion toward the pre-intervention levels) between Occasions 2 and 3. 

Instrument 

Altogether, 128 program participants responded to a 14-item self
report rating scale containing 4 Likert-type options. The 14 items were a 
subset of the General Health Quesionnaire (Goldberg, 1978) that were 
selected to assess general health status including anxiety and depression 
levels (Stoffelmayr, Reischl, Lounsbury, and Chiu, 1996). The construct 
underlying this questionnaire, then, indicates the frequency that program 
participants exhibited anxious and depressed behaviors with higher lev
els of the scale indicating fewer episodes of these behaviors and lower 
levels of the scale indicating more episodes of these behaviors. 
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Preliminary Analyses 

These data were analyzed by applying the RSM to data from each 
occasion separately. As a result, we obtained three measures for each per
son, three calibrations for each item, and three category thresholds (one 
estimate for each occasion). In these analyses, people were positively scaled 
so that positive logits were associated with higher raw score values, indi
cating a healthier psychological status (i.e., less anxious and depressed) 
on the underlying continuum. Items were negatively scaled so that posi
tive logits were associated with lower raw scores, indicating an item that 
was more difficult to endorse. The average item difficulty in each calibra
tion was centered. Parameter estimation was performed using Facets 
(Linacre, 1989), although these analyses could be performed using most 
Rasch analysis programs. 

As previously mentioned, the intervention was designed to decrease 
a participant's numbers of anxiety and depression episodes. This inter
vention was imposed between the first and second occasions and was 
removed between the second and third occasions. Hence, we expected to 
observe an increase in the person measures from Occasion 1 to Occasion 
2 and a slight diminishing of that effect between Occasions 2 and 3. In 
addition, because the intervention could potentially change the way that 
the person feels about hislher mental health, we expected to see a slight 
redefinition of the variable being measured as a result of the intervention. 
That is, we expected to observe slight changes in the ordering of item 
calibrations across time. Unfortunately, our expectations were not sup
ported by our preliminary results. 

Preliminary Results 

Interpretation ofthe preliminary analyses focused on three features: 
a) evaluation of the rating scale structure, b) interpretation of the item 
calibrations, and c) interpretation of the person measures. 

Rating Scale Calibrations 

To create meaningful measures using Likert-type questionnaire items 
across multiple occasions, several criteria need to be met (Linacre, 1999). 
First, there should be a minimum of ten observations in each category. 
Second, the shape of the rating scale distribution should be peaked. Third, 
the average category measures should increase with the rating scale cat
egories. Fourth, the outfit mean square statistics should lie within a rea
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sonable range of values. Fifth, category thresholds should increase with 
the rating scale categories. Sixth, the category thresholds should be at 
least 1.4 logits apart and more than 5 logits apart. In addition, the cat
egory threshold calibrations need to be invariant across the occasions of 
measurement (Smith, 1997; Wilson, 1992; Wright, 1996b). 

Evidence of the validity of our rating scale is provided in Table 1, 
which reveals that there are problems with the rating scale. The rating 
scale meets several of the requirements identified above. For example, 
each rating scale category is used with adequate frequency, and the distri
bution of responses are unimodal. Also, the average measures and cat
egory threshold calibrations increase with the rating scale categories. 
However, an inspection of the mean square outfit statistics reveals that 
rating scale Category 2 on Occasion 2, Category 3 on Occasion 3, and 
Category 4 em all 3 occasions show poor fit to the RSM.I In addition, the 
rating scale estimates are not invariant across occasions. The category 
threshold calibrations for the first threshold are more variable than ex
pected across all three occasions, and the threshold calibrations for the 
second threshold are more variable than expected between Occasions I 
and 3.2 

Item Calibrations 

Table 2 summarizes the results of our preliminary analyses of the 
uncorrected item calibrations. Examination of this table reveals several 
additional problems with the measures from our evaluative design. Sev
eral of the items show poor fit to the RSM-two on Occasion I (Items 8 
and 12), three on Occasion 2 (Items 3, 9, and 11), and three on Occasion 
3 (Items 4, 6, and 13). This is reiterated by the fact that the standard 
deviation of the standardized mean square outfit statistics is greater than 
the expected value of 1.00. In addition, several of the item parameters 
(21 % between Occasions 1 and 2 and 36% between Occasions 1 and 3) 
demonstrate parameter instability over time. In fact, only six of the four
teen items (43%) do not exhibit parameter instability at either occasion 
transition. The item separation reliabilities for the three occasions were 
.97 on all three occasions, indicating that these distributions of item pa
rameters contain enough variability to create distinct strata of item diffi
culties. Item separation indices for the three occasions were 5.85, 6.06, 
and 6.03. 
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Person Measures 

Table 3 summarizes the uncorrected person measures. This table 
shows that the average person measure remained about the same between 
Occasions 1 and 2 but that the measures decreased slightly at Occasion 3. 
About 20% of the people measures exhibited statistical differences be
tween Occasions I and 2, and about 28% of the measures were statisti
cally different between Occasions 1 and 3. In addition, a fairly large 
proportion of the people did not fit the RSM, particularly on Occasions 2 
and 3 (supported by the inflated standard deviation of the standardized 
mean square outfit statistic). Person separation reliability was somewhat 
low on Occasions 1 and 2 (.72 and .75, respectively), and the reliability 
index was very low on Occasion 3 (.46). Separation indices for the three 
occasions were 1.61, 1.74, and 0.92. 

Table 3 

Summary Statistics for Uncorrected Person Measures, Fit Statistics, and Stan
dardized Differences 

Person Logits 

01 02 03 

Standard Errors 

01 02 03 

Standardized Mean Standardized 
Square Outfit' Differences 

01 02 03 01-201-3 

Percent Exhibiting 
Change 

01-2 01-3 

Mean -2.17 -2.14 -2_61 0_52 0.52 0.52 -0.26 -0.24 -0.36 -0.06 0.71 20% 28% 

SO 1.04 1.11 0.72 0.18 0.18 0.10 1.23 1.47 1.33 1.61 1.64 

'10% of the people misfit the RSM on Occasion 1. 16% on Occasion 2. and 20% on Occasion 3. 
Note: N= 128 

Preliminary Interpretations 

The preliminary rating scale and item analyses indicate several po
tential problems with the measurement of psychological functioning across 
the three occasions. Some of the category thresholds exhibit poor fit, and 
the category threshold calibrations are not all invariant over time. In addi
tion, several of the items exhibit poor fit to the RSM, and more than half 
of the item parameter estimates are unstable across occasions. As a result, 
we have a situation in which the facets of our measurement device that 
are used to establish the continuum for the underlying latent trait are too 
variable to allow for measurement of changes in people over time. That 
is, the fact that the category thresholds were used differently and the item 
orderings were not consistent across occasions implies that slightly dif
ferent constructs are being measured at each time point. 

Perhaps these problems explain the confusing results of the prelimi
nary person analyses. Perhaps the changes in rating scales and items across 
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occasions introduces ambiguity into our interpretations of changes in 
people. The results that we have obtained seem completely contradictory 
to what we would expect, and we would have a difficult time explaining 
how these results were obtained. We had expected that the intervention 
would increase person psychological functioning between Occasions 1 
and 2 and that person psychological functioning would (hopefully) be 
maintained at the 6-month follow-up (between Occasions 2 and 3). How
ever, our preliminary results suggest that there was no average change in 
persons between the pre-intervention and post-intervention and that mea
sures decreased (to a level lower than pre-intervention) at the follow-up. 

Method 

As previously mentioned, Wright (1996b) proposed an algorithm 
for disentangling changes in measures of multiple facets of the measure
ment context. Previously, Wolfe and Chiu (1999) demonstrated how this 
algorithm can be applied to data from an evaluative study that is taken 
from two occasions, and a detailed description of the algorithm (includ
ing Facets code) is available from that article. Here we summarize the 
algorithm, highlighting how it can be extended to disentangle changes in 
measures of multiple facets across three or more occasions. An overview 
of the algorithm is shown in Figure 1. 

Step I-Evaluate Rating Scale and Item Invariance 

The first step of the procedure is to evaluate rating scale and item 
invariance across the measurement occasions (as we did in the prelimi
nary analyses). That is, data from each time point are calibrated to the 
RSM independently (i.e., in separate analyses). Parameter estimates are 
compared using the standardized difference (Equation 5). If all category 
threshold or item parameter estimates exhibit invariance across occasions, 
then no correction is needed. If category thresholds or item calibrations 
are unstable across occasions, however, then the remaining steps of the 
algorithm are needed. In the preliminary analyses, we found that the first 
category threshold is unstable across both occasions, and the second cat
egory threshold is unstable between Occasions 1 and 3 (refer to Table 1). 
In addition, we found that seven of the fourteen items exhibit instability 
on at least one of the occasion transitions (refer to Table 2). Therefore, we 
would proceed with the remaining four steps of the algorithm. 



372 WOLFE AND eHIU 

STEP! 

Evaluate rating scale and item invariance with separate analyses data from each 

occasion. Note: rating scale invariance is evaluated via t,,-tx2 and 'txl-tx3 ' and 
item invariance is evaluated via Oil - 0i2 and 0il-Oi3" 

! 

STEP 2 


Create common category threshold calibrations (txc) by stacking data from all 

three occasions, treating persons as unique at each time point. 


! 

STEP 3 


Create corrected person measures (~nle) and item calibrations (OilC) for 

Occasion 1 by anchoring the rating scale on t xe ' 


! 

STEP 4 


Create corrected person measures for the remaining occasions (~n2e and ~n3C> 


by anchoring the rating scale on t xe and anchoring the items on 0jle 


(only the J items that are invariant across all occasions). 

Note: person measure invariance is evaluated via ~nle-~n2c and ~nle-~n3e' 


! 

STEP 5 


Create corrected item calibrations for the remaining occasions (Oi2e and 0i3e) 


by anchoring the rating scale on 'txe and anchoring the people on ~nle' 


Note: item calibration invariance is evaluated via 0ile-Oi2e and 0ile-0i3e' 


Figure 1. Steps for creating a frame of references for interpreting change across 
three measurement occasions. 

Step 2-Create a Common Rating Scale 

The second step in disentangling changes in rating scale and item 
calibrations from changes in person measures is to create a stable frame of 
reference for the measurement context. We do this by creating a common 
rating scale structure to which the remaining facets of our measurement 
context can be anchored. We accomplish this by stacking data from all three 
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time points in a single data set, maintaining the item identity across the 
three occasions but treating each person as unique at each time period. For 
our example, we added 1,000 to each person identifier for the Occasion 2 
data and added 2,000 to each person identifier for the Occasion 3 data. We 
calibrated this data set to the RSM. The resulting category threshold cali
brations ('tx) constitute an "average" underlying rating scale that can be 
used to describe the data at all three occasions. We use these calibrations as 
rating scale anchor values in the remaining steps of the algorithm. 

Step 3-Correct Occasion 1 Estimates 

The third step in the correction algorithm is to correct the person 
measures and item calibrations at Occasion 1 by anchoring them to the 
underlying rating scale that was created in Step 2. To accomplish this, we 
calibrate the Occasion I data to the RSM using the Step 2 category thresh
old calibrations ('txc) as anchor values, person and item parameters were 
free to vary. The resulting corrected person measures (~nlc) and item cali
brations (Oil) are used in subsequent steps as benchmarks against which 
the remaining occasions are compared. 

Step 4-Correct Subsequent Occasion Person Measures 

Once corrected item calibrations have been obtained for Occasion 1 
(in Step 3), these calibrations are used to anchor the invariant items so 
that person measures that are free from the influence of changing items 
can be obtained for the remaining occasions. That is, the corrected item 
calibration values for Occasion 1 (from Step 3) are used to create a com
mon instrument across all three occasions so that person measures can be 
interpreted against a stable continuum. To accomplish this, calibrate data 
from each of the remaining occasions to the RSM while anchoring items 
and anchoring category thresholds on their corrected values (0) and't ,

J C xc 

respectively). It should be noted that only the J items that were found to 
be invariant across all three measurement occasions are anchored
the remaining (I - J) items are allowed to float (i.e., they are treated as 
different items on subsequent occasions). In our example, this step results 
in corrected person measures for Occasion 2 (~n2) and Occasion 3 (~n3). 
Change in persons over time is interpreted by comparing the corrected 
measures for Occasions 2 and 3 to the corrected measures for Occasion 1 
(using the standardized difference). 
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Step 5-Correct Subsequent Occasion Item Calibrations 

In the final step of the algorithm, we correct item calibrations for 
Occasions 2 and 3 by anchoring person measures in each data set to their 
corrected values (obtained in Step 4). That is, we calibrate Occasion 2 
data to the RSM by anchoring persons on their corrected Occasion 2 mea
sures (~n2) and anchoring category thresholds on their corrected calibra
tions ('tx) allowing all item parameters to vary. This results in corrected 
Occasion 2 item calibrations (Si2) for all items. Similarly, we calibrate 
Occasion 3 data to the RSM, anchoring persons on ~n3c and category 
thresholds on 'exc ' to obtain corrected Occasion 3 item calibrations (Si3C)' 
Change in items over time is interpreted by comparing the corrected cali
brations for Occasions 2 and 3 to the corrected calibrations for Occasion 
1 (using the standardized difference). 

Results 

Interpretation of the analyses of the corrected data focused on four 
features: a) evaluation of the rating scale structure, b), interpretation of 
the person measures, c) interpretation of the item calibrations, and d) 
methodological comparisons. 

Rating Scale Calibrations 

The corrected rating scale calibrations, obtained from Step 2, are 
summarized in Table 4. This table shows that the corrected rating scale 
calibrations seem to describe the data across the three occasions reason
ably well. The percentage of observations falling into each rating scale 

Table 4 

Corrected Rating Scale Calibrations, Standard Errors, and Fit Statistics 

Category Percent Average Category Thresholds Mean Square Outfita 
(Count) Measure (Standard Error) 

65 -3.03 1.0 
(3434) 

2 23 -1.22 -1.10 0.8 
(1238) (0.04) 

3 9 -0.43 0.11 1.3 
(472) (0.05) 

4 3 0.16 0.99 1.B 
(178) (0.09) 

aMean square outfit indices less than .8 and greater than 1.4 are considered to indicate 
rating scale misfit. 
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category seem reasonable, the average measures and category threshold 
calibrations increase with the rating scale values, and three of the four 
ratings scale categories show good fit to the RSM. The fourth (highest) 
rating scale category shows slight misfit. 

Person Measures 

Table 5 summarizes the corrected person measures, which were ob
tained in Steps 3 and 4. As shown, the corrected measures increase be
tween Occasion 1 and Occasion 2 and decrease to near their Occasion 1 
values at Occasion 3-something that we would predict, given that the 
intervention was administered between Occasions 1 and 2 and was re
moved between Occasions 2 and 3. Also, note that about 9% of the people 
misfit the RSM on Occasion 1, but a larger proportion of the people misfit 
on Occasions 2 and 3-again, something we would expect if the instru
ment was designed to indicate pre-treatment needs. In addition, note that 

Table 5 

Summary Statistics for Corrected Person Measures, Fit Statistics, and Stan
dardized Differences 

Person Logits 

01 02 03 

Standard Errors 

01 02 03 

Standardized Mean Standardized 
Square Outlii' Differences 

01 02 03 01-201-3 

Percent Exhibiting 
Change 

01-2 01-3 

Mean 

SD 

-2.37 -1.86 

1.14 1.15 

-2.21 

0.64 

0.54 

0.17 

0.36 

0.14 

0.31 

0.09 

-0.09 -006 

1.27 1.48 

-0.48 

1.31 

-0.69 0.04 

1.94 2.06 

31% 32% 

"9% of the people misfit the RSM on Occasion 1. 16% on Occasion 2. and 15% on Occasion 3. 
Note: N= 128 

about one-third of the people measures showed instability at the Occasion 
1 and 2 and the Occasion 1 and 3 transitions. The person measure 
reliabilities were _75, .88, and .74 at Occasions 1,2, and 3 (respectively), 
and the corresponding person separation indices were 1.73, 2.77, and 1.68. 

Item Calibrations 

The corrected item calibrations, obtained from Steps 3 and 5, are 
summarized in Table 6. This table shows that there are several problems 
with the items. For example, ten of the fourteen items show poor fit to the 
RSM on at least one of the occasions. In addition, eleven of the fourteen 
items show parameter instability across at least one of the occasion tran
sitions. As a result, we cannot be sure that the construct being measured 
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at Occasion 1 is the same as the construct being measured at Occasion 2, 
and/or Occasion 3. The corrected item separation reliabilities for the three 
occasions were .97, .98, and .98 (for Occasions 1, 2, and 3, respectively). 
The corresponding item separation indices were 6.16, 6.65, and 8.09. 

Methodological Comparisons 

A comparison of the conclusions that one would draw based on the 
corrected and the uncorrected item calibrations and person measures re
veals some substantial differences between the two methods of analysis. 
With respect to the rating scale calibrations ('t), there are only minor 
differences between the uncorrected and corrected calibrations. The un
corrected calibrations exhibit parameter invariance across occasions and 
exhibit misfit at two of the three occasions. The values of the corrected 
calibrations are close to the average value of the three uncorrected cali
brations. In addition, the corrected values show slightly better fit, on av
erage, to the RSM. 

The differences between Tables 2 and 4 (the uncorrected and cor
rected item calibration summaries) are shown in Table 7. As shown in this 
table, the standardized differences that are based on the corrected item 
calibrations suggest that, overall, there was more change in the items be
tween Occasions I and 2 than between Occasions 1 and 3. This makes 
sense. The manifestation of the underlying construct should change as a 
result of the intervention, and we would expect the definition of that con
struct to begin to resemble the pre-intevention definition after removal of 
the intervention. And, as would be expected, a larger proportion of stan
dardized differences were statistically significant with the corrected val
ues than with the uncorrected values. Ifwe were to compare the corrected 
and uncorrected standardized differences. our decisions concerning item 
invariance would change for about one-third of the items as a result of 

Table 7 

Comparison of Uncorrected and Corrected Item Calibrations 
Standardized Difference' 

Uncorrected Corrected U
Standardized Mean Square Outfit 
ncorrected Corrected 

01-2 01-3 01-2 01-3 01 02 03 01 02 03 

Percent Significant 21 36 36 57 14 21 29 21 21 36 

Mean 
SD 

-0.22 
1.46 

0.68 
2.16 

-0.85 
2.78 

0.37 
1.95 

0.28 
1.55 

0.53 
1.70 

0.20 
1.86 

0.85 
1.46 

-0.18 
1.76 

-0.85 
2.20 

·36% of the decisions about individual items would change between Occasions 1 and 2 if corrected calibrations 
were considred instead of uncorrected calibrations. and 29% of 1he decisions about individual items would change 
between Occasions 1 and 3. 

Note: N= 14 
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this correction procedure. In addition, the items show poorer fit to the 
RSM using the corrected values. 

The benefit ofusing this correction procedure is most apparent when 
one examines the differences between the corrected and uncorrected per
son measures. These differences are shown in Table 8 (a summary of the 
differences between Tables 3 and 5). First, notice that the uncorrected 
person measures show no change between Occasions 1 and 2 and a sharp 
drop between Occasions 1 and 3. On the other hand, the corrected mea
sures show an increase between Occasions 1 and 2 and a decrease be
tween Occasions 1 and 3. The latter of these makes more sense than the 
former. This trend is shown more clearly in Figure 2, a plot of the average 
corrected and uncorrected person measures across the three occasions. 

Table 8 

Comparison of Uncorrected and Corrected Person Measures 
Standardized Difference' 

Uncorrected Corrected U
Standardized Mean Square Outfit 
ncorrected Corrected 

01-2 01-3 01-2 01-3 01 02 03 01 02 03 

Percent Significant 20 28 31 32 10 16 20 9 16 15 

Mean 
SD 

-0.06 
1.61 

0.71 
1.64 

-0.69 
1.94 

0.04 
2.06 

-0.26 
1.23 

-0.24 
1.47 

0.36 
1.33 

-0.09 
1.27 

-0.06 
1.48 

-0.48 
1.31 

'15% of the decisions about individual items would change between Occasions 1 and 2 if corrected measures were 
considred instead of uncorrected measures, and 23% of the decisions would change between Occasions 1 and 3. 

Note: N= 128 
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Figure 2. Average corrected and uncorrected person measures across the three 
measurement occasions. 
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Here, it is apparent that the corrected measures (solid line) show the ex
pected rise (between pre-intervention and post-intervention) and fall (af
ter post-intervention) while the uncorrected measures (dotted line) portray 
a pattern that is difficult to explain. Additional encouraging information 
is shown in Table 8 by the fact that a larger proportion of individual people 
exhibit change with the corrected measures than with the uncorrected 
measures. And, as would be expected, a substantial number of people 
(about 20% of the total N) would have different decisions made about the 
significance of their changes if decisions were based on corrected versus 
uncorrected measures. Finally, note that people tend to show a better fit to 
the RSM once the influence of unstable rating scale and item calibrations 
are removed from their measures. 

Discussion 

In this article, we have demonstrated the practiqal utility of an algo
rithm for disentangling changes in different facets of a measurement con
text. If we had simply interpreted the uncorrected data, we would have 
had a difficult time explaining the confusing pattern of person measures 
across time. By removing the instability of rating scale calibrations and 
basing person measures on a stable core of items, we were able to identify 
a meaningful trend in the person measures. In addition, we found that the 
correction procedure increased the number of people who were suspected 
of changing as a result of the intervention and that the people, overall, 
showed better fit to the RSM. 

The primary limitation of this study is that we cannot be positive 
that the corrected measures are actually better measures than the uncor
rected measures. We certainly suspect that this is true, and we believe that 
the evidence provided here makes a strong argument for the validity of 
the corrected measures. However, without controlled simulation studies 
to determine the power with which the correction method recovers true 
changes in item and person parameters, we can only speculate that the 
correction procedure is actually accomplishing the goal for which it was 
intended. Hence, one direction for future research concerning this correc
tion algorithm would be to perform simulations to determine the effi
ciency and effectiveness. of this algorithm for disentangling changes in 
rating scales and items from changes in persons across time. 

In addition, there are several similar methods that might be em
ployed to disentangle the changes that are of concern here. For example, 
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Wright (1996a) suggests three ways ofestablishing stability within a Rasch 
measurement context, Chang and Chan (1995) compared several meth
ods for establishing this stability in an applied setting. What is needed at 
this point in time is a controlled comparison of each of these potential 
alternatives, again under simulated conditions, to determine which ones 
provide the most accurate portrayal of true changes in the multiple facets 
of the measurement situation. 

Finally, we suggest that another interesting direction to further 
our understandings of these procedures would be to extend these correc
tion algorithms to multi-faceted situations. Wolfe and Chiu (1999) have 
demonstrated how the Wright (1996b) algorithm can be employed to mea
sure change across two measurement occasions. And, in the current ar
ticle, we have shown how that a,lgorithm can be extended to measure change 
across three or more occasions. Many instruments used in program evalu
ations require multi-faceted measurement models. For example, many 
rehabilitation and educational evaluations employ raters as a component 
of the measurement procedures. Extending algorithms for disentangling 
changes within a measurement context to such multi-faceted designs would 
be another important step in evaluating the utility of these methods. 

Footnotes 

1 We considered mean square outfit statistic values ranging from 0.8 to 
1.4 to be adequate. 


2 We chose to depict all change from the pre-intervention baseline mea

sure. That is, we evaluated invariance by comparing Occasion 2 measures 

to Occasion 1 measures and by comparing Occasion 3 measures to Occa
sion 1 measures. 
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Rasch measurement is the only way to convert ordinal observations into 
linear measures (Fischer, 1995). These measures are represented as pa
rameters i.n a Rasch model and are estimated from ordinal data. The 
analyst, however, is rarely concerned about the estimation process, pro
vided that reasonable values for the measures are obtained. The precision 
of the measures can be characterized by their standard errors, and their 
statistical validity by fit statistics. An appreciation of the different meth
ods of estimation, however, enables the analyst to better evaluate what 
constitute reasonable measures. 

When a new measurement situation is encountered, the Rasch mea
sures, the parameters of a relevant Rasch model, must be inferred from 
data. This is accomplished by means of the method of inverse probabil
ity, first described by Jacob Bernoulli (1713). Inverse probability enables 
us to estimate values for the measures, but those values are always ap
proximate to some degree. The fact that all measures (including Rasch 
measures) are approximate, is rarely of major concern, because "for prob
lem solving purposes, we do not require an exact, but only an approxi
mate, resemblance between theoretical results and experimental ones" 
(Laudan, 1977). 

Estimation, Precision and Accuracy 

Rasch estimates are always characterized by their precision and their 
accuracy. In this context, precision relates to the uncertainty in the mea
sure, the estimated location of the parameter on the latent variable, when 
it is specified that the data fit the Rasch model. This precision is reported 
as the standard error of the measure. When the data are specified to fit a 
Rasch model, then all unexpectedness in the data are deemed to be prod
ucts of the probabilistic processes required by Rasch models. 

Precision can always be increased by collecting more relevant data 
or specifying rating scales with more categories, with the continuing con
dition that the data are specified to fit the model. Precision can be artifi
cially improved by introducing constraints, often as assumptions, which 
reduce the location uncertainty. The most commonly introduced assump
tion is that one or more characteristics underlying the data are normally 
distributed. 

Accuracy relates to the departure of the data from those values pre
dicted by a Rasch model given the estimated locations of the parameters. 
The degree of departure is summarized in fit statistics and other indica
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tors of conformity of the data to the Rasch model. No empirical data set 
fits the Rasch model perfectly. Nevertheless, as the data depart ever fur
ther from m~eting Rasch model expectations, doubt not only about the 
locations, but also about the meaning of parameter estimates increases. 
Accuracy can be increased by collecting more data that is likely to con
form to a Rasch model, e.g., by avoiding administering items that are too 
trivial or too challenging, which are likely to provoke irrelevant behavior 
in respondents. Accuracy can also be increased by screening out responses 
deemed irrelevant for measurement purposes. Such responses may be 
highly diagnostic of idiosyncratic aspects of respondents, items, judges 
or the rating scale, but they do not contribute to constructing a generaliz
able measurement system. 

Due to the arbitrary nature of pass-fail decisions and the practical 
need to introduce determinacy into both norm-referenced and criterion
referenced reporting, Rasch estimates (as well as raw scores and other 
statistics) are usually treated as point-estimates of their underlying pa
rameters. Thus estimates are commonly reported with more significant 
figures than either their precision or their accuracy supports. Since all 
estimation methods are approximate, the same estimation method under 
different conditions, or different estimation methods under the same con
ditions, may disagree numerically as to whether a subject, near to the 
pass-fail point, is a "pass" or a "fail", 

The Nature of the Rasch model 

Consider the basic Rasch model. This postulates that the data are 
the dichotomous outcomes of a probabilistic process governed by a linear 
combination of parameters, called here the person ability and the item 
difficulty. All estimation methods in common use for other Rasch models 
can also be applied to the basic model. This model is: 

IOg(Pnil)=B -D,P n,' (1) 
niO 

where 
Bn is the ability of subject n, where n = 1,N, 
D; is the difficulty of item i, where i =1,L, 
Pn;1 is the probability that subject n will succeed on item i, 
P '0 is the probability of failure 1-P 'I'm m 
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PI can be expressed as: 
m 

(2) 

Were the model parameters to be known, then the probability of observ
ing any particular datum would also be known. Each data point, X . has a "',
value of x, which is 1 if person n succeeds on item i, and 0 otherwise. The 
expected value ofthe datum, Eni , is Pnil • For any parameter, e.g., n (or i), 
the marginal score, R (or R), the sum of all observations modeled to be 

n I 

generated by n (or i), is 

Rn =L X ni ~L Eni =L P (3)nil • 

Thus the frequency of successful responses in the data becomes the basis 
for inferring the probabilities of success, and so supports the estimation 
of Rasch measures. 

Following Fisher (1922), the likelihood of the data set, L, is the 
product of the probabilities of the data points: 

L =llpnix ' (4)
n,; 

Non-iterative Estimation Methods 

Rasch measures are additive, and so linear. Ordinal data are of un
known linearity. This means that Rasch estimates are non-linear transfor
mations of data. Usually, estimation with non-linear functions requires 
an iterative approach, in which initial rough estimates are systematically 
improved until final estimates are obtained. There are, however, two es
timation methods which do not require iteration. 

Graphical methods 

When all items are of equal difficulty, D, then Bn can be estimated in 
closed form: 

(5) 
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Similarly when all persons are of equal ability, B, then D j can also be 
estimated in closed form: 

. (PI J ( R JDj=B-Iog P;o zB-Iog N-'R j ' (6) 

Of course, both these conditions cannot hold simultaneously. Neverthe
less, for rough approximations when precise measures are not required, 
these logistic transformations of raw scores provide the basis for a simple 
graphical method. 

Georg Rasch (1960, Ch. VI) demonstrates how plotting logistic trans
formations of success frequencies permits the drawing of trace lines by 
eye. The persons are stratified by raw score, R, on the complete test. 
Each raw score is converted into a log it, 10g(R/(L-R». For each score 
group, their percent success on each item is computed and converted into 
its logit value, log(success%/failure%). For each item, the success log its 
are plotted against the score logits. 

Figure I shows the empirical jagged success-Iogits for each item 
and person score-group, together with the inferred parallel straight Rasch 

5.----------------7--~------------------__, 
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75%
E 
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:!:: 0 
c -10 25% 
rn 
rn -2 10%(1) 
0 
0 -3 5% 
:l 

(/) -4 2% 

-5 t 
-3 -2 -1 012 3 

Person Scores in Logits: log(R/(L-R» 
Figure 1. Graphical estimation of the difficulty measures of four items. 
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lines, drawn by eye. This Figure reports 4 items from G. Rasch's BPP test 
results. In the plot, the difficulty of an item is equal to the ability of 
people whose probability of success is 0.5. Though these estimates are 
somewhat 'compressed and distOlted, they are not misleading as to the 
hierarchy and relative placement of persons and items on the latent vari
able. The plot also supports an investigation into measure accuracy in 
terms of the fit of the data to the Rasch model. Whenever empirical raw
score-based item characteristic curves are available, logistic transforma
tion of both axes yields plots equivalent to those produced by G. Rasch. 

Non-iterative Normal Approximation estimation (PROX) 

The graphical method failed to allow for differences among person 
abilities and item difficulties. Leslie Cohen (1979) deduced a non-iterative 
method, PROX, for estimating Rasch measures, when the data are com
plete and both items and persons are approximately normally distributed. A 
procedure for performing PROX by hand is given in Wright and Stone 
(1979, Chap.2). Even when the distributional assumptions are not met, PROX 
provides useful starting values for the other estimation methods. 

There is a convenient arithmetical relationship between the unit-nor
mal ogive and the logistic ogive. Berkson (1944) takes advantage of it for 
bio-assay calculations. The relationship between the ogives is specified as: 

(7) 

where '¥ is the logistic function and <I> is the normal cumulative function 
The standard equating value of 1.7 minimizes the maximum difference 
between the functions across their whole range (Camilli, 1994). Linacre 
(1997a) suggests 1.65 as a better equating value for Rasch use. 

When dichotomous data are complete and the parameters of each 
facet approximate a normal distribution, then non-iterative estimation 
equations are: 

Bn=±D;+XDIOg( ~n J,and (8) 
;=1 L Rn 

(9) 



388 LINACRE 

Since, by convention, ~Di=0 establishes the local origin of the measure
ment scale, Co is chosen so that ~Di=O. 

Xo and ~B are obtained from So and SB ,the population raw-score
based standard deviations. So the standard deviation of success on the test 
items is given by 

(10) 

SB the standard deviation of th~ success of the person sample is given by 

(11) 

~ adjusts for test width. The wider the spread of success on test 
items, So' the wider the spread ofpersons being measured, and so the bigger 
the measure difference between a low scoring and a high scoring person. 

(12) 

XB adjusts for sample spread. The wider the spread of success by the 
sample, SS' the wider the range of item difficulties. 

(13) 

Iterative Estimation Methods 

Iterative estimation methods adopt initial rough starting values, e.g, ze
roes, for the estimates. These estimates are used to obtain expected values for 
the data. A comparison is made between what was observed and what is 
expected. Then better estimates are produced which minimize discrepancies. 
This process is repeated, i.e., iterated, until the discrepancies are deemed in
consequential. At this point, the estimation process has converged. 

Most estimation methods employ some form of the method of maxi
mum likelihood. The goal of this method, due to Fisher (1922), is to dis
cover the parameter values which maximize the likelihood of the data, 
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under whatever constraints the analyst imposes. An advantage of the 
method is that, in general, a second derivative of the likelihood function 
provides a. standard error for the estimate. 

The choice of constraints optimizes certain aspects of the estimation 
process or the estimates themselves, but always at a cost. For instance, there 
is the ideal of estimation consistency. A consistent estimation procedure 
produces estimates that asymptotically approach their latent, "true", values 
as the size of the data set increases. This might appear to be an essential 
feature of any estimation procedure, but it is not. First, estimation proce
dures which are consistent according to one method of increasing the data 
set, can be inconsistent according to another. Second, the inconsistency 
may be so small as to have no practical implications. Third, the inconsis
tency in any finite data set, termed "statistical bias", may be correctable. On 
the other hand, insisting on estimation consistency may prevent estimation 
under specific conditions, e.g., in the presence of missing data. 

In nearly all estimation methods, extreme (zero and perfect) mar
ginal scores imply out-of-range parameter values and so are inestimable. 

Table 1 

Iterative Estimation Methods 
Type Acronym 

Datum·by
datum 

PAIR 

CMLE 
Marginal CON 
without FCON 
distributional 
assumptions 

JMLE 
UCON 

MMLE 
Marginal with 
distributional 
assumptions 

PROX 

Name 

Gaussian Least-
Squares 

Minimum Chi-
Square 

Pairwise 

Conditional 
Maximum 
Likelihood 
Estimation 

Joint Maximum 
Likelihood 
Estimation 

'LocHinear 

Marginal 
Maximum 
Likelihood 
Estimation 

Normal 
Approximation 
Estimation 

Items Two-at-a
time 

Shortcomings Software 

Many measures per score 

Many measures per score 

Many measures per score RUMM 
Correctable standard errors 

Missing data intolerant Lpcm-Win 
Limited analysis size 

Correctable statistical bias Facets 
Quest 
Winsteps 

Missing data Intolerant LOGIMO 

Distributional mismatches ConQuest 
(IRT) 

Distributional mismatches Winsteps 

Only for desperate situations 
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Accordingly, data corresponding to extreme scores must be eliminated 
before estimates are produced. There are separate estimation techniques 
for imputing reasonable measures to extreme scores, once the measures 
for non-extreme scores have been estimated. 

Iterative estimation methods are classified here according to several 
major considerations. (i) Is estimation conceptualized as proceeding da
tum by datum, or at the marginal (raw score per parameter) level? (ii) Are 
all parameters estimated or are some conditioned out of the estimation? 
(iii) Are parameters free or are they modeled as part of a distribution? 

Estimation datum-by-datum 

A Rasch model resembles a simple form of a "transition odds" or 
"adjacent log it" logistic (logit-linear) regression model. George Udny Yule 
(1925) and Joseph Berkson (1944) suggest methods for estimating the 
parameters of a logistic curve. Several of their methods are generally ap
plicable. These methods are generally robust against missing data. 

Gaussian least-squares. This estimation method minimizes the sum 
of the squares of the differences between what is observed and what is 
expected across the data. The function to be minimized, F, is: 

F = LiXni-Eni)2. (14) 
Data 

This must be minimized for all parameters simultaneously. From the per
spective of a particular parameter, say Bn, the minimization occurs when: 

(15) 

where Vni the model variance of an observed rating about its expectation, is 

Vni = (1- EnY Pnil + (0 - En;)2 PniO = PnilniO' (16) 

From the Rasch measurement perspective, a drawback to this and all other 
datum-by-datum methods is that different response strings with the same 
total raw score produce different measures. 

Minimum chi-square. In contrast to the previous method which mini
mizes numerical distances on the ordinal scale, the minimum chi-square 
method maximizes the fit of the data to the Rasch model. Consequently, 
outlying unexpected observations (such as coding errors) are more influ
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entia1 in the minimum chi-square approach and, again, the same marginal 
score can produce different estimates. The function, F, to be minimized 
for all parameters simultaneously is: 

(17) 

Pairwise estimation (PAIR). Since the Rasch model is a log-odds 
model, an attractive approach is to use the relative frequencies of obser
vations in the data to estimate the parameters. Suppose that two persons, 
nand m, respond to the same items. C lO is the number of times that person 
n succeeds on items that person m fails, and vice-versa for COl. Then, an 
estimate of the difference in ability between nand m is given by the paired 
comparison 

(18) 

Following this approach, one data set yields estimates of the relative 
abilities of every pair of persons. These pairs of abilities, however, are 
likely to be somewhat contradictory. The resolution of these contradic
tions is to combine the paired comparisons into a likelihood function 
(Wright and Masters, 1982), which is maximized when the parameter es
timates simultaneously satisfy the relationship 

(19) 

Within one estimation equation the same observation may be used 
many times. For instance, if person n is the only person to succeed on 
item 1, then that success is included in every C IO term for person n, and so 
adds N-1 to the total summation. This multiple use of observations means 
that standard errors derived from second derivatives are too small, roughly 
in proportion to the square-root of the average number of times each ob
servation is used. 

In this method, one set of parameters, usually the item difficulties, 
are estimated. Then another set is estimated using the pairwise method 
and the two sets of estimates are aligned on one measurement continuum. 
Alternatively, the pairwise estimates are set as fixed values (anchors), 
and another method is used to estimate the other measures from them. 
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Marginal Estimation without Distributional Assumptions 

In marginal models, identical total raw scores, obtained under the same 
conditions, es~imate identical Rasch measures, regardless of the specifics 
of the response string. This accords with Fisher's (1922) concept of suffi
ciency, but has been deemed counter-intuitive by empiricists. In general, 
however, any argument proposing that getting a hard item unexpectedly 
correct merits a higher measure can be offset by an equivalent argument 
that getting an easy item unexpectedly wrong merits a lower measure. 

Item Response Theory (IRT) models generally require assumptions 
about the distribution of the latent parameters in order to be estimable. 
Rasch parameters, however, can be estimated with or without distribu
tional assumptions regarding the parameters. There is one distributional 
specification, however, that is deemed to hold across these estimation 
methods. The unmodeled part of each datum, the residual difference be
tween the observed and the expected values, is specified to be normally 
distributed, when the residual is standardized by its own model variance. 

Conditional Maximum Likelihood Estimation (CMLE). This methods 
capitalizes on the proposition that identical person raw scores produced un
der identical conditions imply identical measures, but avoids actually esti
mating those measures. This is achieved by stratifying the person sample by 
raw score, and them estimating item difficulties within each raw score stra
tum. Estimation within stratum conditions out the person measures, resulting 
in estimates with minimal statistical bias and well-defined standard errors. 

The minimal remaining estimation bias results from the very slight 
probability that a sample of respondents, whose measures correspond to the 
estimated parameters, would all simultaneously succeed or fail on a test 
item. If a large sample of respondents is obtained, then this probability is 
effectively zero, meaning that CMLE estimates become free of bias. 

Estimation is conceptually simple, but challenging to implement. First, 
a set of rough starting values for the item difficulties is imputed. Then the 
likelihood ofevery possible response string that generates a particular score, 
r, is estimated. In this computation, a reference person of any computationally 
convenient ability can be used. All these likelihoods are summed for the 
particular score, r, becoming the likelihood of making that score in any way, 
Ar The response strings for score r are then inspected for each item in turn. 
The likelihoods of all response strings with a success on item i are accumu
lated into a likelihood ofobserving a success on item i given a score of r, Ari • 

In score stratum r, there are Nr persons. Thus the expected number of suc
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cess on item i in score stratum r is N (A lA). Finally, a revised estimate of 
r n r 

the difficulty of item i is obtained by summing across all score strata and 
applying an estimation equation like 

R - IN A,; 
t ,=1 r A, (20) 

(ModelVariance) 

There is only a limited number of exponential terms that can be 
summed into Ar without loss of computational precision. This has re
stricted CMLE to short tests. Improvements in computer hardware and 
more sophisticated numerical methods have aided CMLE (Verhelst and 
Glas, 1995), but it is still impractical for long tests or test with many 
different patterns of missing data. 

Joint Maximum Likelihood Estimation (JMLE). The Rasch mea
sures for which the data are most likely to be observed are those for which 
the observed and expected scores coincide. Since raw scores are suffi
cient statistics for both items and persons measures, all measures can be 
estimated simultaneously. In JMLE, no parameters are conditioned out, 
so the method is also termed "unconditional" (VCON). 

Since the marginal scores coincide with their expectations, JMLE 
estimates satisfy the optimal least squares criterion, 

( Rn - ±En;J2 = o. (21) 
;=lIn 

As in all these methods, the fmal estimates are independent of the itera
tive path followed, but the usual approach follows Newton-Raphson. The esti
mation equation to produce a better estimate Bn' of the previous estimate Bn is: 

(22) 

where Vni is defined in (16). This estimation method has proved robust 
against missing data, and also easily allows the incorporation into one 
analysis of data generated by variants of the Rasch model (dichotomous, 
partial credit, rating scale, Poisson, etc.). 
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A long-standing criticism ofthis method is that it is prone to notice
able estimation bias with short tests. For instance, if a two item dichoto
mous test were given to a sample of persons, the estimated difference 
between the item measures according to JMLE would be twice that esti
mated by the pairwise estimation method. In practice, however, this bias 
has few implications because the relative ordering and placement of the 
estimates is maintained. When JMLE is used to estimate measures from 
paired comparison data, a correction factor of 0.5 removes the statistical 
estimation bias (Linacre, 1997b). 

JMLE is amenable to pre-set (fixed, anchored) parameter estimates, 
so that it is often used to estimate those parameters which have been left 
unestimated by other estimation methods. 

Log-linear methods. Logit-linear (logistic) models, including Rasch 
models, can be reparameterized as log-linear models and applied to fre
quency tables. In the frequency table, there is a cell for each observed, 
non-extreme, pattern of responses to the items. The cell contains a count 
of the number of times the pattern is observed. Then, for a particular re
sponse string s with frequency Fs' 

log(F..) = -LX,;D; +r, (23) 

where Xsi =1 if the response to item i in string s is I, and Xsi =0 otherwise. 
The item difficulties, D,

I 
are estimated, and y is chosen such that ~D 

I 
=O. 

Person abilities can be estimated by another method, after anchoring the 
item difficulties. 

The parameters of log-linear models can be estimated with standard 
statistical computer programs, but these have proved of limited utility. Rasch 
models, in log-linear form, can have hundreds of parameters and millions 
of cells. These overwhelm the computational capacity of most statistical 
software. Further, sometimes the design of the estimation algorithm requires 
a cell for every possible response string. Then many of the cells will con
tain incidental zeroes, because particular response strings did not happen to 
be observed. Further, if data are missing from response strings, estimation 
with standard statistical software becomes virtually impossible. 

Kelderman (1984) has devised an estimation approach specifically 
for Rasch log-linear models. This is implemented in Kelderman and Steen 
(1988). It can handle long tests, but is still intolerant of missing data. 
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Marginal Estimation with Distributional Assumptions 

Distributional assumptions regarding some or all of the parameters 
can be usefully employed to simplify computation or even make estimation 
possible. If the distributional assumptions seriously mismatch the latent 
parameter distributions, then severe estimation bias may be introduced. 

Marginal Maximum Likelihood Estimation (MMLE). MMLE im
poses a distribution function on the subject parameters. The simplest func
tion is a normal distribution (paralleling IRT estimation). More 
sophisticated functions are also employed such as multivariate normal 
distributions based on demographic variables (Adams, et aI., 1977) and 
empirical-Bayesian distributions. 

MMLE can surmount several obstacles at which other estimation 
methods balk. First, it permits the estimation of sample measure character
istics even when there is insufficient information to produce meaningful 
estimates for individuals within the samples. In particular, extreme scores, 
very short response strings, Guttman patterns and missing data can be eas
ily managed. Second, when the intention is not to measure individuals, but 
to summarize estimates, it bypasses an analytic step. Third, it supports gen
eralized multidimensional forms of the Rasch model (Wu, et al., 1998). 

MMLE produces estimates for the discrete parameters, usually cor
responding to item difficulties, such that their observed and expected 
marginal scores coincide, under the condition that the distribution of the 
other parameters has the required form. This requires a two-stage estima
tion approach, such as the E-M, Expectation-Maximization, algorithm 
(Bock and Aitken, 1981). 

The MMLE method is ubiquitous in the estimation of the two- and 
three-parameter Item Response Theory (IRT)models. When those mod
els are constrained to take the form of Rasch models, then Rasch MMLE 
estimates are obtained. 

Normal Approximation Algorithm (PROX). The PROX algorithm 
has an iterative form which can accommodate missing data. The estima
tion equations are resubscripted to indicate that only those instances when 
person n actually responded to item i are to be considered. For instance, 

(24) 



396 LINACRE 

where '.EDj applies only to those Lo items encountered by person n. XDo 

refers to the spread of those items. Linacre (1994) derives iterative PROX 
estimation equations for missing data. Linacre (1995) extends PROX to 
polytomous data. 

Items two-at-a-time 

When tests are short, many subjects obtain extreme scores. These 
introduce an unquantifiab1e amount of bias into summary statistics. The 
focus of measurement, however, may not be the subjects, but the samples 
to which they belong. When subjects are regarded as normally distrib
uted, Wright (1998b) suggests estimation equations for the sample mean 
and standard deviation from the responses of subjects to pairs of items. 

Imagine that a large sample of people have taken two dichotomous 
items, A and B, approximately as the Rasch model predicts. Table 2 is the 
tabulation of their scored responses. According to the Rasch model, the 
difference between the item difficulties is estimated directly by 

( N 01 J. N +NDA -DB"" 1og --, wlthS.E."'" (25)10 01. 

N IO NolN IO 

If we assume that the sample is normally distributed, then we can 
estimate the sample mean and standard deviation. The sample mean abil
ity is relative to the average difficulty of the two items. A simulation 
study reported in Wright (l998b) suggests the following estimator: 

Sam pie Mean::::: 1.864[10 g[I&J + 10g[ TBI Jl +1.45 510 g[ N00 J. (26) 
TAO TBO Nil 

Table 2 

Counts on a Two-Item Test 

Item B 

Right: 1 Wrong: 0 Totals: 

Item A Right :1 Nll N10 Tal 

Wrong: 0 NOl Noo TAO 

Totals: TT81 T80 
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An estimator for sample standard deviation is: 

S.D.=:: 3.763 +1.4 *[IOg(T~~ll )+IOg(T ~~ 00 )]+0.0101 * IOg( Z:JI
: J 

+o.081[IOg(IR)2 +IOg(~)2l (27) 

TAO TBO 

Estimating by Other Methods and for Other Models 

Estimation methods for dichotomous data are further discussed in 
Molenaar (1995), and Hoijtink and Boomsma (1995), generally in a con
text of short tests with no missing data. Andrich (1988, Chap. 5) provides 
worked examples of CMLE, JMLE and PAIR in a broader context. 

Most of estimation methods have been broadened to cover 
polytomous and other extended Rasch models. The characteristics of the 
estimation methods remain the same. Wright and Masters (1982) provide 
algorithms for CMLE, JMLE and PAIR. Andersen (1995) addresses CMLE 
andMMLE. 

Estimating Extreme Scores 

Under strict Rasch model conditions, extreme (zero and perfect) 
scores correspond to indefinite measures, and can take any value outside 
the measurement range of the test. Consequently, under most estimation 
methods, the response vectors corresponding to extreme scores are dropped 
from the analysis. In many situations, however, measures must be reported 
for extreme scores, or the measures corresponding to extreme scores must 
be included in summary statistics. 

There are two approaches to i~puting measures for extreme scores. 
The first approach is to consider extreme scores to be part of a measure 
distribution. This requires an estimation method, such as MMLE, that 
estimates at the sample, rather than individual, level. The second approach 
is to apply some reasonable inference about the nature of the extreme 
score, and use this to estimate a measure. 

Wright (l998a) suggests nine bases for choosing a measure corre
sponding to an extreme score. He concludes that, for dichotomous data, 
reasonable measures for extreme scores are between 1.0 and 1.2 log its 
more extreme than the measures for the most outlying non-extreme scores. 
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For polytomous data, measures corresponding to scores between 0.25 and 
0.5 score-points more central than the extreme scores can be usefully im
puted as the extreme measures. 

Estimation Error 

A recurring theme in the literature of the Rasch model is estimation 
error. No estimation technique can guarantee to reproduce the exact mea
sures of the generating parameters, even when the data fit the Rasch model. 
The difference between the estimates and the generators is termed esti
mation error. There are three main sources of estimation error: deficien
cies in the theoretical properties of the estimates, deficiencies in the 
implementation of the estimation algorithm and mismatches between the 
distribution of the data and the assumptions of the estimation algorithm. 

Some techniques could recover the generators, in theory, if they were 
provided infinite data of the right kind. For instance, the "two-at-a-time" 
and pairwise estimation techniques would recover the exact measure dif
ference between items, given the responses of an infinite number of on
target persons under Rasch model conditions. Such estimation techniques 
are termed "consistent". Though a desirable property, consistency is not 
of practical concern. 

A theoretical deficiency in most estimation methods causes some 
degree of estimation bias, which can noticeably affect measures estimated 
from short tests or with small samples. Even then, the bias can usually be 
easily corrected (Wright, 1988). An example is the correction of bias in 
measures resulting from the use of JMLE for analyzing measures from 
paired-comparison observations (Linacre, 1984). Under Rasch model con
ditions, estimation bias is due to the inclusion of the possibility of ex
treme score vectors in the computations of the estimation algorithms, even 
though they must be eliminated from the data (or other arbitrary con
straints introduced), because they produce infinite parameter estimates. 

The bias in JMLE is chiefly caused by the likelihood ofpersons obtain
ing extreme scores. Linacre (1989) derives a JMLE-based estimation algo
rithm (XCON) which overcomes this deficiency, but there has been no demand, 
as yet, to implement it in a generally accessible way. CMLE is relatively bias 
free, because person extreme scores are eliminated from the estimation space, 
and there is only a remote possibility of an extreme score for an item. 

Deficiencies in implementing estimation algorithms are most appar
ent with CMLE. Computations of the likelihoods of every possible re
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sponse string that generates each observed raw score is required. This is a 
large computational load and, worse, involves the accumulation of many 
small numbers. Loss of numerical precision can result, leading to error in 
the estimates. 

Mismatches between the distributional assumptions of the estima
tion algorithm and the data can skew MMLE and PROX estimates. PROX 
capitalizes on the normal distribution, so that good estimates will not be 
obtained with a highly skewed sample, such as those found in many clini
cal situations. MMLE can use more sophisticated methods to model the 
observed parameter distribution, but the match is always approximate. 

Standard Errors of Measures 

It is impossible to obtain point-estimates of Rasch parameters. Like 
all other measures, every Rasch measure is to some degree imprecise. 
This imprecision is usually reported as a standard error. For MMLE, it 
may be reported as a series of plausible values, intended to report a more 
complex error distribution, but, for practical purposes, even these can be 
summarized by a mean (corresponding to the estimate) and a standard 
deviation (corresponding to the standard error). 

The algorithm to compute the standard error is derived from the 
properties of the estimates or is a by-product of the estimation method. 
The pairwise standard error is less well-defined than those of the other 
estimation methods because of the data-dependent reuse of observations 
in estimating observations. Correcting for the degree of data reuse results 
in serviceable standard errors. 

All estimation methods produce estimates with standard errors of 
about the same size, because they are obtained from data containing the 
same information. In general, the more observations in which a parameter 
participates, the smaller the standard error of its estimate. The informa
tion in an individual observation is most influenced by the targeting of the 
parameters that generated the observation and the number of categories in 
the relevant rating scale. Covariance in the data reduces precision. Ad
justment for covariance inflates the standard errors, but rarely to the ex
tent that it would lead the analyst to a substantively different conclusion 
about the quality of the measures. 

Regardless of the estimation method, there are four conventional 
ways of reporting Rasch standard errors (Wright, 1995). Standard errors 
can either be local or general. They can also be ideal or real. 
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Most Rasch estimation programs report local, ideal standard errors. 
JMLE estimates are usually characterized with general standard errors. 

Local standard errors are computed relative to the estimate of some 
particular item on the test (usually the first one). This reference item has 
no standard error. Choice of a different reference item changes all the 
standard errors. This makes the standard errors difficult to interpret and 
awkward to transport to other contexts. 

General standard errors are computed as though all other param
eters are known, i.e., as though their estimates are point-estimates. Con
verting from general to local standard errors is merely a matter of choosing 
a reference item, and then computing joint standard errors between that 
reference item and all other items. The general standard errors have the 
virtue that they are easy to interpret and transport to other contexts. 

Ideal standard errors reflect the highest possible precision obtain
able with data like those observed. These "best case" values are the smallest 
possible, estimated on the basis that the data fit the Rasch model. Any 
idiosyncracies in the data are regarded merely as evidence of the stochas
tic nature of the model. These "model" standard errors produce the high
est possible estimates of test reliability. 

Real standard errors reflect the most imprecision. These "worst case" 
values are obtained on the basis that all idiosyncracies in the data are 
contradictions to the Rasch model. These values will produce the lowest 
reasonable estimates of test reliability. As misfit in the data is brought 
under control, the real standard error approaches the ideal. 

Implementations of the Estimation Methods 

Rasch estimation methods are rarely implemented directly by the 
data analyst, except perhaps for the estimation of person measures when 
item difficulties are known (Linacre, 1996, 1998). Instead, analysts rely 
on available computer programs. 

To illustrate the similarities between the estimates obtained by different 
estimation approaches, five computer programs were used. RUMM (Andrich, 
et aI., 1997) implements pairwise estimation. Quest (Adams and Toon, 1994) 
and Winsteps (Wright and Linacre, 1991) implement JMLE. ConQuest (Wu, et 
aI., 1998) implements MMLE. Lpcm-Win (Fischer, 1998) implements CMLE. 

Though the intention was to analyze the same data set, representa
tive of actual clinical data, with all 5 programs, this proved impossible 
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with the versions of the programs available to the author. Instead, two 
data sets were used. One data set comprised 16 items and 156 persons. 
The items were polytomous with up to 4 categories. The data set included 
extreme scores and missing data. It was provided as a sample data set 
with the RUMM program. Measures were estimated from this data set 
with ConQuest, Quest, RUMM and Winsteps. A second data set was con
structed from this data set. It comprised 15 items and 156 persons. There 
were no extreme scores nor missing data. Measures were estimated from 
this data set with Lpcm-Win, ConQuest and Winsteps. 

Each computer program was instructed to produce estimates in ac
cordance with the Rasch partial credit model, but using the program's 
own default settings, as far as possible. Every estimation process was 
continued to convergence. Item, rating scale and person estimates were 
produced, to the extent each program allowed. 

On inspection of program output, it was seen that item difficulties 
and rating scale (partial credit) estimates were reported in such different 
ways that simple comparison was not possible. It also emerged that there 
were two ways of reporting person measures, either case-by-case or for 
all possible non-extreme scores with no missing data. The information 
provided by these two ways is combined for this discussion. Since most 
programs did not attempt to estimate measures corresponding to extreme 
scores, these are not considered here. 

Figure 2 depicts the person measures produced by four of the programs 
on the first data set. Though the programs themselves adopt different criteria for 
establishing the local origin of the measurement scale, all measures are equated 
to a common local origin in the Figure. Winsteps was run in its default mode 
which does not attempt to correct for JMLE estimation bias. This bias causes 
its estimates (represented by the diagonal) to be slightly wider (less central) 
than those of the other programs. It appears that Quest, also using JMLE, is 
correcting for estimation bias. The standard errors of the measures in this plot 
are 0.4 logits. All four programs, and so all four estimation methods, are pro
ducing substantively ahd statistically the same measures. 

Figure 3 plots person measures estimated from the second data set. At 
the lower end, the estimates coincide. For these estimates, standard errors 
are again O.4logits. At the upper end, differences are seen. Winsteps pro
duced JMLE estimates without correction for estimation bias, represented 
by the diagonal line, the highest estimates. The Lpcm-Win (CMLE) mea
sures are next most central, plotted as X. The ConQuest (MMLE) measures 
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Winsteps Estimates (JMLE) 
Figure 2. Person estimates from ConQuest, Quest, RUMM, and Winsteps. 

are the most central, plotted as +. The range of estimates of the most ex
treme person in the top right of the Figure is 0.710gits. A line one standard 
error below the Winsteps estimates is also plotted. Again it is seen that the 
estimates are statistically identical. Confusion might result, however, if 
measures from one program were interspersed with those from another. 

Conclusion 

Each Rasch estimation inethod has its strong points and its advo
cates in the professional community. Each also has its shortcomings. 
Nevertheless, when the precision and accuracy of estimates are taken into 
account (Wright, 1988), all methods produce statistically equivalent esti
mates. Care needs to be taken, however, when estimates produced by 
different computer programs or estimation methods are to be compared or 
placed on a common measurement continuum. 
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