
3 7 ? 

AlB/d 
A*>. 3 7 & 

A COMPARISON OF TRADITIONAL NORMING AND 

RASCH QUICK NORMING METHODS 

DISSERTATION 

Presented to the Graduate Council of the 

University of North Texas in Partial 

Fulfillment of the Requirements 

For the Degree of 

DOCTOR OF PHILOSOPHY 

By 

Joan Spooner Bush, B.M.E., M.M. 

Denton, Texas 

August, 1993 



3 7 ? 

AlB/d 
A*>. 3 7 & 

A COMPARISON OF TRADITIONAL NORMING AND 

RASCH QUICK NORMING METHODS 

DISSERTATION 

Presented to the Graduate Council of the 

University of North Texas in Partial 

Fulfillment of the Requirements 

For the Degree of 

DOCTOR OF PHILOSOPHY 

By 

Joan Spooner Bush, B.M.E., M.M. 

Denton, Texas 

August, 1993 



Bush, Joan Spooner, A Comparison of Traditional Norming 

and Rasch Quick Norming Methods. Doctor of Philosophy 
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illustrations, bibliography, 28 titles. 

Norming differences between traditionally calculated 

means and Rasch quick means were examined for simulated data 

sets of varying sample size, test length, and type of 

distribution. Five test lengths (10, 20, 30, 40, and 50 

items), five sample sizes (50, 100, 200, 300, and 400 

persons), and two types of item difficulty distributions 

(normal and uniform) were completely crossed. Each 

experiment was replicated 100 times. 

The Rasch quick norm procedure yielded means that were 

equivalent to traditionally calculated means for all test 

lengths except for the 10-item tests. Sample size and item 

difficulty distribution were not determining factors in the 

differences between the traditional and Rasch quick means. 

The Rasch quick norming method is strongly recommended 

in cases where an existing bank of Rasch calibrated items 

exists. The simplicity and ease of use of the Rasch 

procedure is a decided advantage. The test user needs only 

two numbers: the frequency of persons who answered each 

item correctly and the Rasch-calibrated item difficulty, 

usually a part of an existing item bank. Norms can be 



computed quickly for any specific group of interest. In 

addition, once the selected items from the calibrated bank 

are normed, any test, built from the item bank, is 

automatically norm-referenced. Thus, it was concluded that 

the Rasch quick norm procedure is a meaningful alternative 

to traditional classical true score norming for test users 

who desire normative data. 
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CHAPTER 1 

INTRODUCTION 

The classical test model, used by measurement 

specialists for many years, is simple to understand and 

makes use of several well-known statistics. However, there 

are several shortcomings of educational and psychological 

tests based upon classical true score theory (Allen & Yen, 

1979; Crocker & Algina, 1986; Hambleton, 1989). The 

development of latent trait theory (LTT), and Rasch 

measurement in particular, has overcome many of these 

problems. 

Values of the statistics used in classical test theory 

are sample-dependent, which means that the values of the 

statistics are dependent upon the group of examinees used to 

standardize the particular measurement instrument. Wright 

(1967) noted: 

In the old way of doing things [norm-referenced 
testing], we calibrate a test item by observing how 
many persons in a standard sample succeed on that item. 
Item easiness is defined by the proportion of correct 
responses in the sample. Item quality is estimated 
from the correlation between item response and test 
score. Person ability is defined by percentile 
standing in the sample. This approach leans heavily on 
assumptions concerning the appropriateness of the 
standardization sample of persons. (p. 88) 



Thus, with traditional norm-referenced testing, if the 

calibration sample is different from the population for 

which a test is intended, little confidence can be placed in 

the resulting scores (Hashway, 1978). 

In addition, test scores based upon classical true 

score theory are dependent upon the items included in a 

test. For example, if two separate samples of test items 

are selected from a large pool of items designed to measure 

the same trait, and the two item samples differ in 

difficulty, then the expected test scores for examinees will 

differ. As a result, examinees can be compared only when 

administered identical or parallel tests (Hambleton, 

Swaminathan, & Rogers, 1991). 

Another problem with the classical test model is that 

measurement errors are assumed to be the same for all 

examinees. However, it is highly unlikely that all 

examinees will answer items at the same level of 

consistency. Because the ability levels of examinees vary, 

so will the amount and type of measurement errors. Thus, 

"classical item analyses statistics do not provide 

information about how examinees at different ability levels 

on the trait have performed on the item" (Crocker & Algina, 

1986, p. 339). 



Rasch Measurement 

The Rasch model, proposed by the Danish mathematician 

Georg Rasch (1960, 1966), has overcome many of the problems 

inherent in norm-referenced testing based upon the classical 

true score model. The basis of Rasch measurement is a 

mathematical model which states how examinees with differing 

levels of ability on an underlying latent trait should 

respond to an item. It is assumed that responses to test 

items can be accounted for by this underlying latent trait. 

With Rasch measurement, the performance of examinees who 

take different tests can be compared, and the results of an 

item analysis can be used with groups of different abilities 

from those of the group used for the item analysis. 

A major advantage of Rasch measurement is the property 

of specific objectivity. This property refers to the 

independence of examinee ability estimates and item 

difficulty calibrations. The result is that examinee 

ability estimates are independent of the specific test items 

administered, and item difficulty calibrations are 

independent of the particular sample of examinees used to 

calibrate the item (Rasch, 1966). Wright (1967) explained: 

Object-free instrument calibration and instrument-free 
object measurement are the conditions which make it 
possible to generalize measurement beyond the 
particular instrument used, to compare objects measured 
on similar but not identical instruments, and to 
combine or partition instruments to suit new 
measurement requirements. (p. 87) 



Thus, Rasch recognized the importance of objective 

measurement. 

Once items have been constructed and administered so 

that their performance approximates the Rasch model, the 

item difficulties—estimated from several different 

samples—can be transformed to one common scale. These 

commonly calibrated items form an item bank, and any subset 

of items drawn from this item bank can be used to construct 

a test. Because all of the items are calibrated on a 

single, common scale, all tests based upon items drawn from 

the item bank are automatically equated. Thus, with Rasch 

measurement, tests can be connected through a network of 

common links, and different persons can take different tests 

(Wright, 1977; Wright & Bell, 1981, 1984). 

With access to an item bank of calibrated items, a test 

can be constructed for the desired purpose. If the purpose 

of the test is diagnostic—to determine if the examinee has 

mastered specific concepts—a criterion-referenced test 

should be constructed. If the purpose of the test is to 

compare the achievement of one examinee to the achievement 

of a group of examinees, a norm-referenced test should be 

constructed. 

Norm-Referencing With Rasch Measurement 

With traditional norm-referencing, normative scores 

provide information about an examinee's test performance as 



compared to the distribution of scores from a reference 

group or normative sample. Thus, for scores to be 

meaningful, "a particular set of norms needs to be relevant 

to the desired interpretation of examinee performance" 

(Petersen, Kolen, & Hoover, 1989, p. 236). Examples of 

norms include national norms, national subgroup norms, local 

norms, user norms, convenience norms, norms for school 

averages, item norms, and skill norms. Norms are conveyed 

by summary statistics including means, standard deviations, 

and percentile ranks. Other common normative scores include 

linear z-scores, normalized z-scores, derived scores (T, IQ, 

and NCEs), stanines, scaled scores, and grade and age 

equivalents (Crocker & Algina, 1986; Petersen et al., 1989). 

Development of norms can be based upon a bank of Rasch 

calibrated items. Wright and Stone (1979) described a 

procedure to estimate quick norms based upon the Rasch 

model. According to Wright and Stone (1979), 

norming a variable in the Rasch approach takes much 
less data than norming a test . . . once the variable 
is normed, then all possible scores from all possible 
tests drawn from the calibrated bank are automatically 
norm-referenced through the variable. (p. 26) 

In order to determine the mean and standard deviation for 

each cell (or sample) in the normative sampling plan, quick 

norms can be estimated from frequency data on the calibrated 

items without measuring each person individually. Thus, the 

quick norming procedure is performed by working directly 



with the Rasch model and the observed number of correct 

responses to each calibrated item. 

Rationale for Study 

With a norm-referenced test based upon classical true 

score theory, a person's score, in most cases, is different 

if the test is taken with a different group of people or if 

a different set of items is used. Wright and Stone (1979) 

said it best: 

If all of a specified set of items have been tried by a 
child you wish to measure, then you can obtain his 
percentile position among whatever groups of children 
were used to standardize the test. But how do you 
interpret this measure beyond the confines of that set 
of items and those groups of children? Change the 
children and you have a new yardstick. Change the 
items and you have a new yardstick again. Each 
collection of items measures an ability of its own. 
Each measure depends for its meaning on its own family 
of test takers. How can we make objective mental 
measurements and build a science of mental development 
when we work with rubber yardsticks? (p. xi) 

Thus, with traditional norm-referenced testing based upon 

classical true score theory, it is necessary to identify the 

specific group and the specific test items included on an 

examination before interpreting a person's normative test 

score. 

Rasch measurement has several advantages over 

traditional norm-referenced testing. First, as discussed 

previously, Rasch measurement results in sample-free item 

calibrations and test-free person measurements (Wright, 



1967; Wright & Stone, 1979). Second, Rasch measurement 

estimates are more precise than traditional estimates 

because standard errors of measurement are calculated for 

each examinee as well as for each test. As for classical 

test theory, "the same standard error of measurement usually 

is used for all true scores" (Allen & Yen, 1979, p. 253). 

In addition, Rasch parameter estimators are unbiased, 

consistent, efficient, and sufficient (Andrich, 1988; Wright 

& Stone, 1979). 

Although research has shown that norms can be 

calculated based upon a set of Rasch-calibrated items, the 

measurement literature contains only a few examples of 

norming with Rasch measurement. Two of the examples of 

norming based upon item response theory (IRT) include an 

examination of norming with the IRT one-parameter model 

which is mathematically equivalent to the Rasch model 

(Hambleton, 1980; Hambleton & Martois, 1983; Hambleton & 

Swaminathan, 1985). 

No studies related to the quick norm procedure 

described by Wright and Stone (1979) have been documented. 

Thus, the purpose of this study was to investigate the use 

of the Rasch quick norm procedure. Norming differences 

based upon the quick norm procedure were examined for 

simulated data sets of varying sample size, test length, and 

type of distribution. 



Research Questions 

The following research questions were developed for 

this study: 

1. Does varying sample size affect the difference 

between traditionally calculated means and Rasch quick 

means? 

2. Does varying test length affect the difference 

between traditionally calculated means and Rasch quick 

means? 

3. Does a uniform versus normal distribution of item 

difficulties affect the difference between traditionally 

calculated means and Rasch quick means? 

Delimitations 

This study was limited to 5 sample sizes (50, 100, 200, 

300, and 400 examinees), 5 test lengths (10, 20, 30, 40, and 

50 items), and 2 item difficulty distributions (normal and 

uniform). 



CHAPTER 2 

REVIEW OF THE LITERATURE 

Two measurement theories formed the basis of this 

study: classical true score theory and Rasch measurement 

theory. This review of the two measurement theories is not 

comprehensive, but is intended to give a brief overview of 

the two areas. The major focus of the review is upon the 

use of norms with Rasch measurement. 

Classical True Score Theory 

Classical true score theory is based upon an additive 

model that shows how measurement errors influence a person's 

observed score. An examinee's observed score (X) is the sum 

of two unobservable scores referred to as true score (T) and 

error score (E) and is shown as: 

X = T + E. 

The true score is defined as the average score resulting 

from an infinite number of repeated testings with the same 

measurement instrument. 

The major assumptions of the model are that (a) the 

mean of the error score is zero, (b) the true score and 

error score are not correlated, and (c) the error terms from 
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repeated testings on parallel forms are uncorrelated (Allen 

& Yen, 1979; Crocker & Algina, 1986). 

With classical true score theory, the intent of test 

construction is to produce reliable results in which true 

scores correlate highly with observed scores. If a test 

were perfectly reliable, the standard error of measurement 

would be zero (Allen & Yen, 1979; Crocker & Algina, 1986, 

Feldt & Brennan, 1989; Ghiselli, Campbell, & Zedeck, 1981). 

This measurement model has several limitations: 

1. Statistical values are dependent upon the sample of 

examinees who took the test. 

2. Statistical values are dependent upon the items 

included in the test. 

3. Measurement errors are assumed to be identical for 

all examinees. 

Latent Trait Theory 

Latent trait theory (LTT) assumes that in a test 

situation, an individual's performance can be predicted by 

defining traits of the individual (Lord & Novick, 1968). 

These traits are referred to as latent traits or latent 

abilities because they cannot be observed directly. 

Examinee ability is the amount of a specific trait an 

individual possesses that enables that person to answer 

questions on a test. As a result, models based upon latent 
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trait theory describe a relationship between abilities 

believed to underlie test performance and individual test 

results. The Rasch model was the latent trait model used in 

this study. 

Rasch Model 

The Rasch model, described by Rasch in 1960 and further 

discussed by Wright in 1967, demonstrates how examinees of 

differing ability levels on a latent trait should respond to 

an item. Specifically, "the probability that a person will 

answer an item correctly is assumed to be the product of an 

ability parameter pertaining only to the person and a 

difficulty parameter pertaining only to the item" (Wright & 

Stone, 1979, p. x). The ability parameter 0V and the 

difficulty parameter S-t "represent the positions of persons 

and items on the latent variable they share" (Wright, 1977, 

p. 97) . The difference between /3V and 5; determines the 

probability of what happens when person v attempts item i. 

To keep the probability values between 0 and 1, the 

difference (/3V—<S4) is placed as an exponent of the base, 

. 

This term is used in the ratio 
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which is the Rasch model for the probability of a correct 

answer. 

The logic of the Rasch measurement model is that a 

person who is more able should have a better chance of 

success on an item, regardless of the difficulty of the 

attempted item (Wright, 1977; Wright & Stone, 1979). For 

example, if person v has more latent ability than required 

by item i, then person v's probability of success on an item 

is greater than 0.5. In contrast, if the item is too 

difficult for person v, then person v's probability of 

success is less than 0.5. 

The Rasch measurement unit is the logit. In the 

construction of a Rasch variable, each item is located on a 

scale from most to least difficult (Lunz, 1989). As a 

result, individuals' 

ability in logits is their natural log odds for 
succeeding on items of the kind chosen to define the 
scale origin or "zero." . . . Similarly, an item's 
difficulty in logits is the natural log odds for 
failure on that item by persons with abilities at the 
scale origin. (Wright, 1977, p. 99) 

Rasch Versus Traditional Measurement Indices 

Because Rasch measurement provides an alternative to 

tests based upon traditional classical true score theory, 

indices used in Rasch measurement which correspond to 

indices traditionally used in classical true score theory 

are compared and contrasted. The Rasch model provides a 
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standard error which can be tested for significance for each 

ability level. In contrast, classical test theory uses a 

single standard error of measurement for all examinees 

(Allen & Yen, 1979). The result is that Rasch measurement 

provides more accurate individual indices of measurement 

than does classical true score theory. 

The traditional index of item difficulty, the p-value, 

is the proportion of persons who answer an item correctly. 

This statistic is dependent upon the sample who took the 

examination. In contrast, the Rasch item difficulty 

statistic is on an equal interval scale and is sample-free. 

(For additional information about the mathematical 

derivation of the Rasch item difficulty statistic, see 

Wright and Stone [1979].) 

The point biserial, used in traditional item analysis, 

has questionable usefulness as an index of item fit because 

(a) it is unclear what magnitude or value is needed to 

establish an acceptable item, and (b) the point-biserial is 

dependent upon the score distribution of the sample. The 

Rasch index that corresponds to the point biserial is the 

mean square residual. The mean square residual is sensitive 

both to items which do not correlate with the total test 

score and to unexpectedly large item point biserials. An 

added advantage of the Rasch mean square residual is that it 

can be tested for significance (Wright & Stone, 1979). 
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Due to the shortcomings of common statistics used in 

classical test analysis, Rasch measurement has many 

advantages over traditional norm-referenced testing. 

1. Rasch measurement results in sample-free item 

calibrations and test-free person measurements (Wright & 

Stone, 1979). 

2. Because separate standard errors of measurement are 

given for each subject and for each item, Rasch measurement 

provides a more precise estimate of individual ability than 

does classical test analysis (Allen & Yen, 1979; Wright & 

Stone, 1979). 

3. Rasch parameter estimators are unbiased, 

consistent, efficient, and sufficient (Wright & Stone, 

1979). 

Developing Norms for Latent Trait Models 

The applied examples of norming with latent trait 

models in the literature are based upon a procedure 

described by Hambleton, Martois, and Swaminathan (Hambleton, 

1980; Hambleton & Martois, 1983; Hambleton & Swaminathan, 

1985). This procedure is applied to norms based upon any of 

the item response theory (IRT) models. (For more 

information on IRT, refer to Lord [1980], Hambleton and Cook 

[1977], Hambleton, Swaminathan, and Rogers [1991], and 

Hambleton [1979, 1980, 1989]. With this procedure, a norms 
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table is prepared based upon a previously-administered 

sample of items. The norms table can be used with any test 

constructed from the item bank. Examinee ability estimates, 

obtained from the administration of the test items, are used 

to predict scores of examinees on the normed test. By using 

the equation 

n 
E(X|9) = 2 Pj(9) 

i=l 

where 

n = number of test items, 

0 = ability estimate, 

P; = probability of correct response to item i, 

E (X19) = expected test score for an examinee with 

ability estimate, 9. 

The result is an expected score for each item in the normed 

test. Next, the expected score is matched to the 

corresponding percentile rank, normal curve equivalent 

(NCE), or other derived score included in the norm table 

(Hambleton & Swaminathan, 1985). 

The quality of the norms is dependent upon (a) the 

representativeness of the sample used to construct the norm 

table; (b) the fit between the bank of items and the item 

response model used to construct the ability scale; (c) the 

precision of item parameter estimates; (d) the number and 

quality of items included in the normed test; (e) the time 



16 

of the year when item parameters are estimated; (f) the type 

of instruction received by the examinees in the population; 

and (g) characteristics of the samples from which the items 

are calibrated, such as sex, race, ability level, or 

geographic region (Hambleton & Swaminathan, 1985). 

When using this formula with the IRT one-parameter 

model, the formula for probability of success on an item is 

substituted into the equation as follows: 

£<Pv"»i> 

K [l+£(Pv_ij)] 

where 

& = estimate of number right score. 

Each term corresponds to the probability of an examinee with 

ability 0 answering a particular item correctly. As a 

result, St is computed, rounded off to the nearest integer, 

and the corresponding percentile, NCE, or other derived 

score is obtained from the norm table. 

The standard error (SE) available for each item in the 

pool of calibrated items can be used to indicate the 

precision of each available ability estimate. For example, 

a 68% confidence band for the true score of an examinee with 

ability 6 can be derived by calculating 0 + 1 SE and 9 - 1 

SE. 
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Application of the Norming Procedure 

Hambleton (1980) conducted a study in which the IRT 

norming procedure was applied to a set of reading tests 

published by the Educational Development Corporation (EDC) 

in Tulsa, Oklahoma. These tests extended from kindergarten 

through eighth grade. The one-parameter IRT model was used 

to link test items to form an ability scale. Hambleton 

noted that the fit between the test data and the one-

parameter model was good in this application. However, he 

cautioned that more work was needed to determine the worth 

of this procedure with any of the IRT models. 

Hambleton and Martois (1983) did a study to evaluate 

predictions of normed test scores through the use of IRT 

measurement models with reading, language arts, and 

mathematics tests at two grade levels (2 and 5). One 

component of their study addressed the quality of the normed 

test score predictions with tests that varied in difficulty. 

The one-parameter IRT model was one of the models included 

in their study and is the model of interest in this 

investigation. Other components of this study are outside 

the scope of this research. Conclusions drawn by Hambleton 

and Martois concerning the quality of the normed test score 

predictions for tests of varying difficulties centered 

around three points: 
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1. Item response models can be used in test score 

prediction with samples of test items that vary moderately 

in difficulty from a normed test. 

2. Item response models used in conjunction with item 

banks enable accurate prediction of score performance on any 

set of items drawn from the same bank. However, it is 

necessary that the total set of items in the bank be fitted 

by an item response model and that the number of test items 

included in each test not be too small. In addition, it is 

necessary that the test items do not differ too much in 

difficulty. 

3. The predicted norm test scores suffice for the 

actual test scores in most cases because the average 

prediction error is between 2 and 3 points at the individual 

score level (maximum test score = 50 points). 

Rasch Quick Norm Procedure 

Wright and Stone (1979) described a procedure to 

estimate quick norms based upon the Rasch model. The 

procedure is as follows: 

1. For each cell or sample in the norming study, a set 

of calibrated items is selected in which items are 

sufficiently spaced in difficulty to cover the expected 

dispersion of abilities of the particular sampling cell. 

The result is an individually tailored norming test for each 

sampling cell. 
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2. The selected set of items is administered to a 

random sample of persons from the specified sampling cell. 

3. The frequency of persons who succeed on each item 

is calculated. 

4. The natural log odds for correct answers is 

calculated for each item using the formula h; = ln[ (S;/N -

S;) ] for each of the K items where 

Sj. = number of persons succeeding on an item, 

h; = natural log odds of the correct answers, and 

N = number of persons in the sampling cell. 

5. The log odds correct answers are regressed on the 

associated item difficulties over the K items to obtain the 

intercept (A) and slope (C) of the least squares straight 

line. 

6. The estimated population mean and standard 

deviation of the sampling cell's abilities are calculated 

using the formulas 

M = -A/C 

SD = 1. 7 [ (1-C2) /C2]1/2 

where 

M = estimate of population mean, 

SD = estimate of population standard deviation, 

A = intercept, and 

C = slope. 
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The result of the procedure is an estimate of the mean and 

standard deviation of the sample. The Rasch quick norms can 

be estimated from a random sample of approximately 100 

persons on 2 items. However, Wright and Stone (1979) 

recommended a longer test of 10 to 15 items. 

Several advantages for using the Rasch quick norm 

procedure were pointed out by Wright and Stone: 

1. Norming with Rasch measurement requires less data 

than a traditional, norm-referenced test. 

2. Once a test has been normed, any test developed 

from a Rasch-calibrated item bank is automatically 

norm-ref erenced. 

3. Quick norms can be calculated without measuring 

each person individually. The frequency of persons who 

succeed on each item and the item difficulty index can be 

obtained directly from a bank of Rasch-calibrated items. 

Summary 

Norms have been an important part of testing for 

several decades and can be derived easily with the use of 

Rasch measurement. The paucity of literature, however, 

suggests that much more work is needed to determine the 

usefulness, practicality, and validity of norming with the 

Rasch model. Rasch measurement has been used increasingly 

in the last few years in an attempt to overcome many of the 
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shortcomings inherent in testing based upon classical true 

score theory. The Rasch model therefore provides an 

important alternative to traditional norming for test users 

who want normative information. 



CHAPTER 3 

METHODS AND PROCEDURES 

Data Source 

Simulated data sets containing raw score data for 

dichotomously scored items were used in this investigation. 

Data were simulated to vary in test length, sample size, and 

distribution. A 5-by-5-by-2 design with a total of 50 

experiments was used. Five test lengths (10, 20, 30, 40, 

and 50 items), five sample sizes (50, 100, 200, 300, and 400 

persons), and two types of item difficulty distributions 

(normal and uniform) were completely crossed. Each 

experiment was replicated 100 times. 

The experiments are referred to by number, as shown in 

Table 1. For example, Experiment 1 consisted of a 10-item 

test with normally distributed item difficulties given to 50 

examinees. For each experiment, 100 data sets were used. 

Construction of Simulated Data Sets 

The data sets were constructed using SIMTEST 2.1 

(Luppescu, 1992). SIMTEST generates dichotomous examinee 

responses based upon several values specified by the user. 

SIMTEST allows specification of population parameters for 

the item and person measures. The following parameters were 

used in this study: 

22 



Table 1 

Definition of Experiments 
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Experiment Distribution 
No. of 
Items 

NO. Of 
Persons 

1 Normal 10 50 

2 Normal 20 50 

3 Normal 30 50 

4 Normal 40 50 

5 Normal 50 50 

6 Normal 10 100 

7 Normal 20 100 

8 Normal 30 100 

9 Normal 40 100 

10 Normal 50 100 

11 Normal 10 200 

12 Normal 20 200 

13 Normal 30 200 

14 Normal 40 200 

15 Normal 50 200 

16 Normal 10 300 

17 Normal 20 300 

18 Normal 30 300 

19 Normal 40 300 

20 Normal 50 300 

(table continues) 
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Experiment Distribution 
No. of 
Items 

No. Of 
Persons 

21 Normal 10 400 

22 Normal 20 400 

23 Normal 30 400 

24 Normal 40 400 

25 Normal 50 400 

26 Uniform 10 50 

27 Uniform 20 50 

28 Uniform 30 50 

29 Uniform 40 50 

30 Uniform 50 50 

31 Uniform 10 100 

32 Uniform 20 100 

33 Uniform 30 100 

34 Uniform 40 100 

35 Uniform 50 100 

36 Uniform 10 200 

37 Uniform 20 200 

38 Uniform 30 200 

39 Uniform 40 200 

40 Uniform 50 200 

41 Uniform 10 300 

42 Uniform 20 300 
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Experiment Distribution 
No. of 
Items 

NO. Of 
Persons 

43 Uniform 30 300 

44 Uniform 40 300 

45 Uniform 50 300 

46 Uniform 10 400 

47 Uniform 20 400 

48 Uniform 30 400 

49 Uniform 40 400 

50 Uniform 50 400 

1. Item difficulty distribution was set to either 

uniform or normal. 

2. Item difficulty parameters for the uniformly 

distributed data sets had a range of 3 to 4 logits, from 

easiest to most difficult. The mean was set at 0 and the 

standard deviation was set at 2. As a result, the item 

difficulties were uniformly distributed, with 95% of the 

difficulties lying between -2 and +2 standard deviations. 

3. Item difficulty parameters for the normally 

distributed data sets also had a range of 3 to 4 logits. 

The mean was set at 0 and the standard deviation was set at 

1. As a result, the item difficulties were normally 

distributed, with 95% of the item difficulties ranging from 

-2 to +2 standard deviations, and most near 0. 
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4. The mean of person ability measures was set at 0 

for both the normal and uniform item difficulty 

distributions. As a result, the person abilities were 

normally distributed for all of the data sets. 

In addition, (a) the threshold for guessing was set at 0 for 

each of the data sets, (b) the slope of all items was set at 

1, and (c) no bias measures were used in this study. 

Rasch Analysis 

The BIGSTEPS Rasch calibration program was used to 

analyze each of the 5,000 data sets (Linacre, 1992). A 

BIGSTEPS program was written to output the item difficulty 

measures and the frequency of persons who answered each item 

correctly. Next, using the item difficulty and frequency 

counts of correct answers from the BIGSTEPS output, an SPSSX 

program was written to calculate the quick norms. 

Traditional Analysis 

A program was written to calculate the traditional mean 

and standard deviation of the 5,000 data sets. In addition, 

the traditional means were transformed to the logit scale. 

Assessment of the Quick Norm Procedure 

The resulting mean of the quick norm procedure was 

compared with the traditional mean for each of the data 

sets. For each of the 50 experiments (a) the overall 
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population mean and standard error of the mean were computed 

for the traditionally calculated means, (b) the overall 

population mean and standard error of the mean were computed 

for the Rasch quick means, and (c) an independent t-test was 

computed to test for significant differences between the 

means calculated by the traditional and Rasch quick norm 

methods. 



CHAPTER 4 

DATA ANALYSIS PROCEDURES 

Creation of Simulated Data Sets 

A SIMTEST batch file was written for each of the 50 

experimental conditions. Each batch file resulted in 100 

sets of raw score data. The control program for the first 

experimental condition (normally distributed item 

difficulties, 50 persons, 10 items) was as follows: 

SIMTEST -H -OS01001.DAT -S1.0 -NO -DN -110- -P50 -F0 -M0.0 
-AO.0 -U0.0 -T-1E200 -CO -LI.0 -X2.0 
SIMTEST -H -OS01002.DAT -S1.0 -NO -DN -110- -P50 -F0 -M0.0 
-AO.0 -U0.0 -T-1E200 -CO -L1.0 
SIMTEST -H -OS01003.DAT -S1.0 -NO -DN -110- -P50 -F0 -M0.0 
-AO.0 -U0.0 -T-1E200 -CO -L1.0 
SIMTEST -H -OS01004.DAT -S1.0 -NO -DN -110- -P50 -F0 -MO.0 
-AO.0 -U0.0 -T-1E200 -CO -L1.0 
SIMTEST -H -OS01005.DAT -S1.0 -NO -DN -110 P50 -F0 -M0.0 
-AO.0 -U0.0 -T-1E200 -CO -L1.0 
- - - - (instructions for data sets 6-99) 
SIMTEST -H -OS01100.DAT -S1.0 -NO -DN -110- -P50 -F0 -MO.0 
-AO.0 -U0.0 -T-1E200 -CO -LI.0 

The parameters included (a) the choice of batch mode (-H or 

hands off switch), (b) the program name (-OSOIOOI.DAT), (c) 

a standard deviation of 1 (-S1.0), (d) no biased items 

(-NO), (e) normal distribution of item difficulties (-DN), 

(f) 10 items (-110) (g) 50 persons (-P50), (h) no persons 

with biased scores (-F0), (i) a mean of 0 (-M0.0), (j) no 

startup reduction (-AO), (k) no persons with a startup 

28 
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reduction (-U0), (1) no guessing (-T-1E200; -CO), and (m) a 

slope of 1 (-L1.0). 

Rasch Analysis 

A BIGSTEPS program was written for each of the 5,000 

data sets to output the item difficulty measures and the 

frequency of persons who answered each item correctly. The 

control program for the first data set in Experiment 1 

(normally distributed item difficulties, 10 items, 50 

persons) was as follows: 

TITLE='b01001 - NORMAL DISTRIBUTION, 10 ITEMS, 50 PERSONS' 
NI=10 
NAME1=1 
ITEM1=13 
DATA=S 01001.dat 
CODES=01 
TABLES=1010001000100100000000 
STBIAS=Y 
INUM=Y 
ifile=i01001.dat 
&END 

The parameters included in the BIGSTEPS program consisted of 

(a) the title, (b) the number of items (NI=10), (c) the 

beginning column for the identification information in the 

raw data file (NAME1=1), (d) the beginning column for the 

item response data in the raw data file (ITEM1=13), (e) the 

name of the raw data file (DATA=s01001.dat), (f) the 

possible values of item responses (CODES=01), (g) the tables 

included in the output file (TABLES=1010001000100100000000), 

(h) a statistical bias correction (STBIAS=Y), (i) automatic 

generation of item names (INUM=y), (j) the name of an 
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additional output file of data (included item difficulties, 

frequency of correct responses, and other information), and 

(k) the end statement (&END). 

Calculation of Rasch Quick Norms 

The item difficulties and frequencies of persons who 

answered each item correctly were used to calculate the 

quick norms as follows: 

1. The frequency of persons who succeeded on each item 

was computed. 

2. The natural log odds for correct answers were 

calculated for each item using the formula h; = ln[ (Sj/N -

ŝ ) ] where: 

S; = number of persons who succeeded on an item, 

hj = natural log odds of the correct answers, and 

N = number of persons in the sampling cell. 

3. The log odds correct answers were regressed on the 

associated item difficulties over the K items to obtain the 

intercept (A) and slope (C) of the least squares straight 

line. 

4. In addition, the estimated population mean and 

standard deviation of the sampling cell's abilities were 

calculated using the following formulas: 

M = -A/C, and 

SD = 1.7 [ (1-C2) /C2]1'2 
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where 

M = estimate of population mean, 

SD = estimate of population standard deviation, 

A = intercept, and 

C = slope. 

An SPSSX program was written to perform steps 1 through 

3 of the quick norm procedure. The data used in the SPSSX 

program came directly from the BIGSTEPS output file which 

contained the item difficulty measures and the number of 

examinees who answered each item correctly. The control 

program for the first data set of Experimental Condition 1 

was as follows: 

TITLE 'NORMAL DISTRIBUTION - 10 ITEMS 50 PERSONS - REP 1' 
DATA LIST FREE / ITEM DIFF MIN MAX COUNT 
BEGIN DATA 
01 -2.56 1 49 44 
02 -1.80 1 49 40 
03 -.45 1 49 29 
04 -.89 1 49 33 
05 -.03 1 49 25 
06 -.13 1 49 26 
07 -.24 1 49 27 
08 1.17 1 49 14 
09 1.29 1 49 13 
10 3.63 1 49 2 
END DATA 
VARIABLE LABELS ITEM 'ITEM NUMBER' 

COUNT 'PERSONS SUCCEEDING ON AN ITEM' 
DIFF 'ITEM DIFFICULTY' 

COMPUTE NUMPER=50 
COMPUTE X=COUNT/(NUMPER-COUNT) 
COMPUTE LOG=LN(X) 
VARIABLE LABELS NUMPER 'NUMBER OF PERSONS IN NORMING SAMPLE' 

LOG 'LOG ODDS CORRECT' 
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REGRESSION 
/VARIABLES=LOG DIFF 
/DEPENDENT=LOG 
/METHOD=ENTER 

A second SPSSX program, using the slopes and intercepts 

from the previous SPSSX programs, was written to perform the 

calculations for steps 4 and 5 of the quick norm procedure. 

The following program was written for Experimental Condition 

1: 

TITLE 'CALCULATION OF RASCH QUICK MEAN AND STANDARD 
DEVIATION' 

SUBTITLE 'NORMAL DISTRIBUTION, 10 ITEMS, 50 PERSONS - 100 
SETS' 

DATA LIST FREE / DATASET (A6) C A 
BEGIN DATA 
SET1 -.826330 -.057157 
SET2 -.826330 -.057157 
SET3 -.878113 -.315077 
SET4 -.839211 -.038068 
SET5 -.839211 -.038068 
- - - - (100 total lines of data) 
END DATA 
COMPUTE MEAN=(-A)/C 
COMPUTE Z=(l-C**2)/(C**2) 
COMPUTE SD=SQRT(Z)*1.7 
VARIABLE LABELS A 'INTERCEPT' C 'SLOPE' 

SD 'STANDARD DEVIATION' 
LIST MEAN SD 
DESCRIPTIVES VARIABLES=MEAN 

Traditional Analysis 

The traditional mean and standard deviation were 

calculated for each data set. The 5,000 traditionally 

calculated means were rescaled to a mean of 0 and a standard 

deviation of 1 in order to place the two types of means on 

the same scale. 
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Calculation of Mean and Standard 
Error of the Mean 

An SPSSX program was written to compute the population 

mean and standard error of the mean for the traditionally 

calculated means and for the Rasch quick means for each of 

the 50 experiments. The standard error of the mean was 

based on 100 replications rather than sample size. 

Independent t-Tests 

In order to determine if there were significant 

differences between the means calculated by the two methods, 

an independent t-test was computed. An SPSSX program was 

written to calculate the independent t-tests. However, the 

sample n used in the t-test calculations was the number of 

replications per experimental design rather than the number 

of sample means. In Rasch, this is comparable to a standard 

error of 2.5/JH. 



CHAPTER 5 

FINDINGS AND CONCLUSIONS 

Experiments 1 to 25 

The traditional and Rasch population means and standard 

errors of the means for the simulated tests that had 

normally distributed item difficulties are presented in 

Table 2. In addition, the resulting independent t-test 

values are shown. The absolute differences between the two 

types of means, shown in Table 3, were calculated in order 

to study the magnitude of differences between the 

traditional and Rasch quick means. Plots of the traditional 

and Rasch quick means are shown in Figures 1 through 5. 

The first 5 experiments included tests with normally 

distributed item difficulties given to 50 persons. As seen 

in the first section of Table 3, a significant difference 

(E < .0001) was found between the two types of means for the 

10-item test with an absolute difference of .1081. The 

absolute differences between the traditional and Rasch quick 

means for the 20- and 30-item tests were smaller than those 

for the 10-item test. Differences between the two types of 

means for the 40- and 50-item tests were small, with 

absolute differences of .0071 and .0026, respectively. 
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Table 2 

Comparison of Traditional and Rasch Quick Norms for 
Experiments Containing Normally Distributed Item 
Difficulties 

35 

Test 
Length 

Traditional 
Norms 

Rasch Quick 
Norms 

M °x M <*x 

50 Persons 

10 .0200 .013 -.0881 .017 -5.12* 

20 .0027 .013 -.0080 .015 -.54 

30 -.0026 .013 -.0132 .016 -.51 

40 -.0066 .013 -.0137 .015 -.36 

50 -.0113 .012 -.0139 .014 -.14 

100 Persons 

10 -.0144 .011 -.0867 .013 -4.24* 

20 -.0029 .010 -.0192 .012 -1.04 

30 .0147 .010 .0093 .011 -.38 

40 .0154 .010 .0167 .012 .08 

50 -.0015 .010 -.0022 .011 -.05 

200 Persons 

10 -.0027 .007 -.0963 .009 -8.63* 

20 -.0012 .006 -.0190 .007 1 h*
 

• 00
 

30 .0044 .006 .0000 .007 -.44 

40 .0042 .007 .0037 .008 -.05 

50 .0091 .007 .0096 .007 .04 

(table continues) 
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Test Traditional Rasch Quick t 
Length Norms Norms 

M CTx 

300 Persons 

10 -.0075 .006 -.1002 .006 -10.89* 

20 .0076 .006 -.0081 .007 -1.66 

30 -.0050 .006 -.0110 .007 —. 66 

40 -.0071 .006 -.0097 .007 -.30 

50 .0116 .006 .0126 .006 . 12 

400 Persons 

10 .0038 .007 -.0886 .007 -9.55* 

20 .0086 .005 -.0073 .006 

o
 
0
 

CM
 

1 

30 -.0021 .005 -.0068 .006 -.59 

40 .0048 .005 .0028 .005 -.28 

50 -.0075 .004 -.0088 .005 -.23 

Note. Independent t-tests were calculated based upon the 
number of replications rather than sample size. The formula 
used to compute t-test values is from Applied Statistics for 
the Behavioral Sciences by D. E. Hinkle, W. Wiersma, and S. 
G. Jurs, 1988, Boston: Houghton Mifflin. 
*p < .0001. 

Experiments 6 through 10 reflected simulated tests with 

normally distributed item difficulties given to 100 persons. 

The two types of means for the 10-item test were 

significantly different (p < .0001), with an absolute 

difference of .0723. The traditional mean and Rasch quick 
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Table 3 

Mean Differences for Experiments Containing Normally 
Distributed Item Difficulties 

Number 
of 

Number of Persons 

Items 
50 100 200 300 400 

10 .1081* .0723* .0936* .0927* .0924* 

20 .0107 .0163 .0178 .0157 .0159 

30 .0106 .0054 .0044 .0060 .0047 

40 .0071 .0013 .0005 .0026 .0020 

50 .0026 .0007 .0005 .0010 .0013 

< .0001 

mean for the 20-item test were close, with an absolute 

difference of .0163. Differences between the traditional 

and Rasch quick means for the 30-, 40-, and 50-item tests 

were small, ranging from .0054 to .0007. 

Experiments 11 to 15 included the simulated responses 

of 200 persons who took tests with normally distributed item 

difficulties. Overall, the traditional means and Rasch 

quick means became increasingly closer as test length was 

increased. The difference between the two types of means 

for the 40- and 50-item tests was hardly noticeable; both 

had absolute differences of .0005. In contrast, a 

significant difference (£> < .0001) was evident between the 
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Figure 1. Mean values for experiments 1 to 5 (normally 
distributed item difficulties and sample size of 50) . 
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Mean 
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Figure 2. Mean values for experiments 6 to 10 (normally 
distributed item difficulties and sample size of 100). 
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Figure 3. Mean values for experiments 11 to 15 (normally 
distributed item difficulties and sample size of 200). 
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Mean 
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Figure 4. Mean values for experiments 16 to 20 (normally 
distributed item difficulties and sample size of 300) . 
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Figure 5. Mean values for experiments 21 to 25 (normally 
distributed item difficulties and sample size of 400). 
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traditional and Rasch quick mean with an absolute difference 

of .0936. 

Experiments 16 through 20 included simulated data for 

300 persons who took tests with normally distributed item 

difficulties. As shown in Table 3, the only significant 

difference between the two methods of calculating means was 

for the 10-item test, with an absolute mean difference of 

.0927. Once again, the traditional and Rasch quick means 

became progressively closer as the test length was 

increased, with the 50-item test showing the smallest 

difference of .0010. 

The population means, standard errors of the means, and 

t values between the traditional and Rasch quick means for 

experiments 21 through 25 are shown in the last section of 

Table 2. These simulated experimental conditions reflect 

the responses of 400 examinees to tests containing normally 

distributed item difficulties. As in experiments 1 to 20, 

a significant difference (p < .0001) was found between the 

traditionally calculated mean and the Rasch quick mean for 

the 10-item examination. Once again, the traditional and 

Rasch quick means showed decreasing absolute differences as 

test length increased, ranging from .0159 for the 20-item 

test down to .0013 for the 50-item test. 
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Experiments 26 to 50 

The population means, standard errors of the means, and 

t-test values for the simulated data sets that had uniformly 

distributed item difficulties are provided in Table 4. The 

absolute mean differences between the two types of means for 

the tests that had uniformly distributed item difficulties 

are provided in Table 5. The plots of the traditional and 

Rasch quick means for the tests containing uniformly 

distributed item difficulties are shown in Figures 6 through 

10. 

The means and standard errors of the means for 

experiments 26 to 30 are shown in the first section of Table 

4. These sets of data had a sample size of 50, and 

reflected tests with uniformly distributed item 

difficulties. The largest difference (.0759) between the 

traditional and Rasch quick means was for the 10-item test, 

which was significantly different (e < .01). The 

traditional and Rasch quick means for the 30- and 50-item 

tests were very close, yielding absolute differences of 

.0022 and .0024, respectively. The smallest difference 

between the two types of means was for the 40-item 

examination, which had an absolute difference of .0004. 

The population means, standard errors of the means, and 

t values for experiments 31 to 35 are shown in the second 

section of Table 4. These experiments included the 
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Table 4 

Comparison of Traditional and Rasch Quick Norms for 
Experiments With Uniformly Distributed Item Difficulties 

Test 
Length 

Traditional 
Norms 

Rasch Quick 
Norms 

M <*x °x 

50 Persons 

10 -.0010 .015 -.0769 .017 -3.31* 

20 .0067 .014 -.0053 .018 - .53 

30 .0157 .014 .0135 .017 - .10 

40 .0095 .013 .0091 .016 - .02 

50 .0168 .014 .0192 .016 .11 

100 Persons 

10 .0249 .010 -.0689 .012 -6.13** 

20 -.0149 .009 -.0308 .011 -1.15 

30 -.0079 .009 -.0111 .011 -.22 

40 .0112 .010 .0112 .012 .00 

50 .0034 .009 .0033 .011 -.01 

200 Persons 

10 -.0018 .007 -.0817 .008 -7.55** 

20 .0091 .006 -.0035 .008 -1.27 

30 -.0060 .006 -.0098 .007 -.39 

40 .0087 .005 .0089 .006 .03 

50 -.0057 .007 -.0067 .008 -.11 

(table continues) 
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Test Traditional Rasch Quick t 
Length Norms Norms 

M Ox M °x 

300 Persons 

10 .0028 .006 -.0717 .008 -7.93** 

20 .0086 .005 -.0021 .006 -1.44 

30 .0077 .006 .0048 .007 -.34 

40 -.0010 .006 -.0031 .007 -.22 

50 .0130 .006 .0144 .007 .15 

400 Persons 

10 .0082 .006 -.0650 .007 -8.52** 

20 .0007 .005 -.0121 .006 1 
•
 C\
 

00
 

30 -.0023 .005 -.0052 .006 -.39 

40 .0049 .004 .0048 .005 -.02 

50 -.0019 .005 -.0025 .005 -.09 

Note. Independent t-tests were calculated based upon the 
number of replications rather than sample size. The formula 
used to compute t-test values is from Applied Statistics for 
the Behavioral Sciences by D. E. Hinkle, W. Wiersma, and S. 
G. Jurs, 1988, Boston: Houghton Mifflin. 
*E < .01. **p < .0001. 

simulated responses of 100 persons to tests that had 

uniformly distributed item difficulties. Once again, a 

significant difference (g < .0001) was found between the 

traditionally calculated means and Rasch quick means for the 

10-item test. As expected, the absolute mean values 



47 

Table 5 

Mean Differences for Experiments With Uniformly Distributed 
Item Difficulties 

Number Number of Persons 

Items 
50 100 200 300 400 

10 .0759* .0938** .0799** .0745** .0732** 

20 .0120 .0159 .0126 .0107 .0128 

30 .0022 .0032 .0038 .0029 .0029 

40 .0004 .0000 .0002 .0021 .0001 

50 .0024 .0001 .0010 .0014 .0006 

*E < .01. **E < .0001. 

decreased for the 20- and 30-item tests. No difference was 

found between the traditional and Rasch quick means for the 

40-item test, and hardly a discernable difference was found 

between the means for the 50-item test. 

Experiments 36 through 40 contained simulated responses 

for 200 persons on tests with uniformly distributed item 

difficulties. Again, a significant difference (p < .0001) 

was found between the two types of means for the 10-item 

test. The smallest difference between the traditional and 

Rasch means was seen for the 40-item test, which resulted in 

an absolute difference of .0002. The differences between 

the two differently-calculated means for the 30- and 50-item 
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Figure 6. Mean values for experiments 26 to 30 (uniformly 
distributed item difficulties and sample size of 50). 
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Figure 7. Mean values for experiments 31 to 35 (uniformly 
distributed item difficulties and sample size of 100). 
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Figure 8. Mean values for experiments 36 to 40 (uniformly 
distributed item difficulties and sample size of 200). 
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Figure 9. Mean values for experiments 41 to 45 (uniformly 
distributed item difficulties and sample size of 300). 
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Figure 10. Mean values for experiments 46 to 50 (uniformly 
distributed item difficulties and sample size of 400). 
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tests were very small, with absolute differences of .0038 

and .0010, respectively. The difference between the 

traditional and Rasch quick means for the 20-item test, 

though larger than the differences seen for the 30-, 40-, 

and 50-item tests, was small, with a value of .0126. 

The population means, standard errors of the means, and 

t values for experiments 41 to 45 are shown in the fourth 

section of Table 4. These experiments included test 

responses for 300 persons who took examinations with 

uniformly distributed item difficulties. As in experiments 

1 to 40, a significant difference (p < .0001) was found for 

the 10-item examination, resulting in an absolute difference 

of .0745. The two kinds of means were very close for the 

other test lengths with absolute differences ranging between 

.0107 and .0014, and decreasing as test length increased. 

Experiments 46 through 50 contained simulated responses 

for 400 persons who took tests with uniformly distributed 

item difficulties. A significant difference (p < .0001) was 

found between the traditional and the Rasch quick mean for 

the 10-item test, with an absolute difference of .0732. 

Once again, the traditional and Rasch quick means for the 

20-, 30-, 40-, and 50-item examinations were similar, with 

absolute differences ranging from .0128 down to .0001. The 

differences between the two types of means for the 40- and 

50-item examinations were hardly discernible; however, the 



54 

40-item examination yielded the smallest absolute difference 

of .0001, and the 50-item test resulted in an absolute 

difference of .0006. 

Discussion 

In order to determine if test length affected the 

difference between traditionally calculated means and Rasch 

quick means, t-test results from the 10-, 20-, 30-, 40-, and 

50-item tests were compared for each of the 5 sample sizes 

and 2 distributions of item difficulties. First, the 10-, 

20-, 30-, 40-, and 50-item tests with normally distributed 

item difficulties were compared for the groups of 50 

examinees. The 5 test lengths with normally distributed 

item difficulties were then compared for the samples of 100 

persons. This process was repeated for each sample size and 

distribution. 

In general, as test length increased, the mean 

differences decreased. (See Tables 3 and 5.) Significant 

differences between the two types of means were found only 

in the 10-item tests. The differences between the 

traditional and Rasch quick means for the simulated tests 

containing 10 items ranged.from .08 to .1. The absolute 

differences for the 20-item tests, which ranged between .01 

and .02, were noticeably less than differences between the 

means for the 10-item tests. All of the absolute 
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differences were .01 or less for the 30-, 40-, and 50-item 

tests. Thus, the differences were hardly discernible for 

these test lengths. 

In order to ascertain if sample size affected the 

difference between the traditionally calculated means and 

the Rasch quick means, the results of the independent 

t-tests for experiments containing sample sizes of 50, 100, 

200, 300, and 400 were compared for each of the 5 test 

lengths and for each distribution. For example, sample 

sizes of 50, 100, 200, 300, and 400 were compared for the 

10-item tests with normally distributed item difficulties. 

Next, the 5 sample sizes were compared for the 10-item tests 

with uniformly distributed item difficulties. This 

procedure was continued for each test length and 

distribution. No trends related to sample size were noted. 

In general, the absolute differences were very similar 

across test lengths for each sample size. 

To ascertain if the distribution of item difficulties 

affected the difference between the two types of means, the 

experiments with normal and uniform item difficulty 

distributions were compared with each of the 5 sample sizes 

and the 5 test lengths. (See Tables 3 and 5.) For 

example, the 2 distributions were compared for a sample of 

50 persons and a 10-item test. Next, the distributions were 

compared for a sample of 100 persons and a 10-item test. 
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This procedure was followed for each sample size and test 

length. The mean differences across the various sample 

sizes and test lengths generally yielded smaller values for 

the uniformly distributed than for the normally distributed 

item difficulties. However, overall, the 2 distributions of 

item difficulties did not affect the statistical mean 

differences between the traditional and Rasch norming 

methods. 

Conclusions 

The results of this study indicate that the Rasch quick 

norm procedure is a viable alternative to traditional 

procedures for calculating norms. More specifically, 

1. the Rasch quick norm procedure yielded means that 

were equivalent to traditionally calculated means for all 

experimental conditions included in the study except for 

those with 10-item tests; 

2. in general, as test length increased, the mean 

differences decreased; 

3. sample size was not a determining factor in the 

differences between the traditional and Rasch quick means; 

and 

4. the use of uniformly distributed item difficulties 

versus normally distributed item difficulties had no overall 

effect on the statistical tests. 
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Further Study 

The quick norm procedure should be further investigated 

to determine its feasibility in situations other than those 

included in this study. Some areas for further 

consideration are as follows: 

1. The norming method should be tested with 

populations that are not normally distributed. 

2. The technique should be investigated with 

examinations which vary in overall difficulty. For example, 

the quick norm procedure could be studied for tests that are 

very easy, very hard, or of moderate difficulty. 

3. The robustness of the procedure should be 

investigated for tests containing bias, guessing, or varying 

item discrimination values. 

4. The ratio of standard deviations should be studied 

to examine the effect of score order when regressing log 

odds correct answers on item difficulties. 

5. Additional research should be undertaken to examine 

the number of replications required to obtain sufficient and 

efficient estimates. For example, 100 replications were 

used in this study. It would be interesting to use 10, 25, 

or 50 replications and then compare the results to those 

based on the 100 replications used in this study. 
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Recommendations 

The Rasch quick norm procedure is strongly recommended 

in cases where there is an existing bank of Rasch calibrated 

items. The simplicity and ease of use of the Rasch 

procedure are decided advantages. The Rasch norming method 

only requires two pieces of information: the frequency of 

persons who answered each item correctly and the Rasch-

calibrated item difficulty, usually a part of an existing 

item bank. Norms can be computed quickly for any specific 

group of interest. In addition, once the selected items 

from the calibrated bank are normed, any test built from the 

item bank is automatically norm-referenced. Thus, the 

results of this study show that the Rasch quick norm 

procedure is a meaningful alternative to traditional 

classical true score norming for test users who desire 

normative data. 
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