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(ABSTRACT)
A number of studies have concluded that the Myers-Briggs Type Indicator (MBTI)

measures four general dimensions of personality; however, their findings also suggest that
the MBTT's scales could benefit from improvements in their measurement precision. The
degree to which the addition of newly constructed items to the Form F item pool would
improve the measurement precision of the four primary MBTI scales was assessed. Using
item response theory (IRT) to quantify each scale's performance, findings indicate that the
new items substantially increased the test information functions (TIFs) and decreased the
standard errors of measurement (SEM), especially in the critical area around the type
cutoff scores (e.g., SEMs for scales containing the original plus new items were
approximately half the size produced by the original MBTI items). The potential benefits
of this increased measurement precision were discussed with respect to a number of

applied testing issues.
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Overview of the Myers-Briggs Type Indicator
The Myers-Briggs Type Indicator (MBTI; Briggs & Myers, 1976) was designed

for non-psychiatric populations as a means to operationalize and measure Carl Jung's
theory of psychological types (1923; 1971). The MBTI is a paper-and-pencil personality
inventory that utilizes a qualitative, forced-choice format in which examinees choose
between two competing alternatives (e.g., word pairs, sentence completion format) to
assess their standing on four bipolar dimensions of personal preference: introversion (I)

versus extroversion (E); intuition (N) versus sensing (S); feeling (F) versus thinking (T);

perceiving (P) versus judging (J). A numerical preference score is then computed for each

of the four preference dimensions by summing the number of keyed item responses; these
continuous preference scores are typically dichotomized to derive a categorical type
assignment (e.g., Evs. I, Nvs. S, T vs. F, and P vs. J) for each MBTI dimension.

Based upon their combination of four dichotomized scale scores, respondents may

be assigned to one of sixteen possible personality types (Myers, 1962). The MBTI's

authors developed narrative descriptions, or profiles, for each of the sixteen types that
explain how each preference in a particular personality type will interact with the other
preferences to influence an individual's behavior (McCaulley, 1990). The test's authors
proposed that these profiles can be used to understand and predict behavior in personal
and professional settings based on an individual's results on the MBTI (Myers &

McCaulley, 1985).



Development of the MBTI

Kathleen Briggs and Isabel Briggs Myers developed the MBTI over a period of
several decades based on the assumptions that preferences for Jungian types actually exist,
these preferences can be measured via self report, and these preferences exist as
dichotomies (i.e., have a bimodal distribution, Myers & McCaulley, 1985). The initial
pool of questions was tested in a criterton group (i.e., individuals whose type was
"known" via longitudinal observation by the test's authors) between 1942 to 1944,
producing Forms A and B of the MBTI. These forms consisted of the same items ordered
differently. Items that did not receive a response of 60% or more by examinees of the
appropriate type were eliminated (Myers & McCaulley, 1985). A differential weighting
scheme was also devised to account for the social desirableness of a particular response,
with socially desirable items being given less weight than less popular items.

The next version, Form C, excluded any items that had a high validity for more
than one scale of the MBTI. Form D was developed between 1956 and 1958, starting
with a pool of 200 new items -- including the addition of word pairs -- in preparation for a
new edition of the manual under the guidance of Educational Testing Services (Stricker &
Ross, 1964). Old and new items were put into Forms E and F. Form F was published in
1962 by the Educational Testing Service and is used in large scale data collections; it is
also the form recommended for research (Myers & McCaulley, 1985). Form G, published
in the late 1970s, is a shorter version of Form F (126 vs. 166 items) with many of the

experimental and ambiguously worded items removed. Form AV (Abbreviated Version)



or H, is an abbreviated version of Form G with only 50 items, is self-scoring, and is
designed for group situations (Murray, 1990).

The MBTI as a Test of Jung's Psychological Types

As a measure of Jungian theory (1923; 1971), the goal of MBTI is to categorize
people according to their psychological type. A type is a "category into which people with
similar but not necessarily identical characteristics are placed" (Hall & Nordby, 1973,
p.96). Categorizing people based on their psychological type is based upon the Jungian
assumption that much of seemingly random human behavior is actually quite orderly and
consistent if viewed in terms of what Jung termed "preferences".

A preference is "one of four basic dichotomies that in type theory structure an
individual's personality" (e.g., E-I, S-N, T-F, and J-P dichotomies; Myers & McCaulley,
1‘985, p 225). Preferences are thought to be primarily developmental in nature; that is,
over time, interactions between individuals and their environment establish the relative
predominance of one preference over the other, although the capacity to use either
preference always exits.

These preferences are thought to reflect different aspects of individual differences
in two major mental processes: perception and judgment -- variations in the styles by
which individuals gather information and then reach decisions based upon that
information. These two processes are thought to be important because in every situation;
an individual must first perceive and then make a judgment based upon those perceptions.

(Myers & McCaulley, 1985).



To describe variations in the perceptual process, Jung used the sensation and
intuition (S-N) bipolar dimension to reflect two different modes of perceiving. The
sensing type (S) prefers the perception of what is directly observable through the five
senses. They are often described as realistic, practical, conservative, and experiential. The
intuitive type (N), on the other hand, prefers to extrapolate from the information given by
the senses and look for meanings, possibilities, and relationships on a more abstract or
conceptual level. Intuitive types are often described as artistic, analytical, creative, liberal,
and theoretical.

Once data has been collected through the perceptual process, a conclusion is
drawn based on that data (Myers & Myers, 1980). The thinking and feeling (T-F) bipolar
dimension reflects two different ways this judgment can be made. The thinking type (T)
prefers to arrive at a judgment by logical and impersonal methods in contrast to the feeling
type (F) who tends to be more subjective and bases decisions primarily on personal values.
Thinking types are generally described as dominant, assertive, achievement-oriented, and
autonomous while feeling types purportedly have high needs for affiliation, warmth, and
harmony (Thompson & Borrello, 1986).

The last bipolar dimension, the judging and perceiving (J-P) dimension, represents
an overall preference for using either the perceiving function (S-N) or judging function
(T-F) in everyday interactions with the environment (DeVito, 1985). Unlike the other
dimensions measured by the MBTI, the J-P dimension was implied but never explicitly

defined by Jung as an independent personality dimension (Carlyn, 1977; Myers &



McCaulley, 1985). Judging types prefer things to be planned, orderly, completed, and
issues to be resolved. Perceiving types, on the other hand, prefer to live in a more flexible,
spontaneous, and adaptive manner, generally prefer to keep as many options open to them
as possible and, as a result, do not like to make decisions because they view it as limiting
their options (e.g., such a setting an appointment to meet someone at a certain time or
working according to a predetermined schedule; Myers & McCaulley, 1985).

Although though the test was developed based on Jungian type theory, most
researchers agree that the MBTI measures only restricted aspects of the Jungian
dimensions it was intended to reflect (Coan, 1978; Comrey, 1883; McCrae & Costa, 1989,
Murray, 1990; Sipps & DiCaudo, 1980; Stricker & Ross, 1964). For instance, its
measures of the E-I dimension often focus on only observable behavior such as social
extraversion-introversion, a dimension of gregariousness in contrast with shyness and
withdrawal (Palmiere, 1972). Critics argue that assessments of only external behavior
probably cannot be sensitive enough to measure the complicated Jungian personality
schema and, consequently, will sacrifice some of the theoretical richness of Jungian
insights (Carlson, 1980; Coan, 1978; Cowan, 1989; McCrae & Costa, 1989; Steele &
Kelly, 1976).

Moreover, many argue that since preferences are assumed to interact in complex
nonlinear ways to produce psychological types (Murray, 1990), the ideal assessment
procedure for Jung's typology would take the pattern of each component's interaction into

account rather than simply assessing which component is preferred in various situations as



does the MBTI (Coan, 1978). As one critic derisively put it the "Myers-Briggs stereotypes
people, it is a static, undynamic [italics added] theory that traffics labels much like
astrology" (Moore, 1987, p. 82).

But according to Murray (1990) and other researchers, Jungian type theory is
probably "too complicated to be captured on an objective personality test" (p. 1195). For
instance, much of the theory is vague and ill-defined, often dealing with archetypes and
images not easily communicated -- much less assessed -- via an objective test (Carlson,
1985). In addition, much of Jung's theory deals with the unconscious which, by definition,
can not be assessed via direct self-report. Furthermore, some of Jung's trait-like
descriptions of the four dimensions (e.g., his description of extraverts as being open,
jovial, social, and approachable, as well as morally conventional and tough-minded) define
observable characteristics that do not empirically covary; that is, they do not define the
same underlying construct/dimension (Guilford, 1977).

In fact, some of the descriptions for various types contained in the MBTI directly
contradict Jung's writings on psychological type theory (McCrae & Costa, 1989). For
example, according to Jung's theory, a feeling person is one who assigns a value (either
positive or negative) to an experience or object without a logical basis. However, an
individual who assigned a negative value to other people such as hatred or mistrust,
without a rational reason, would tend to score very low on the feeling dimension of the
MBTI which is defined by illustrative adjectives such as compassionate, warm, and

trusting (Coan, 1974).



Although the test is not an isomorphic translation of Jungian type theory, many
researchers, while keeping that caveat in mind, still contend that the instrument has value
as "a practical assessment instrument whose constructs have been clarified by extensive
research” (Murray, 1990, p. 1195). McCrae and Costa (1989) take this argument a step
further by arguing that "the MBTI does not seem to be promising instrument for
measuring Jung's types; those who embrace Jung's theory should probably avoid the
MBTI" (p. 32). Instead, they propose that it might be better to abandon the Jungian
theoretical framework altogether and adopt the more comprehensive and accepted
personality taxonomy of the five-factor model.

The MBTI and the "Big Five"

McCrae and Costa's (1989) contention that users of the MBTI would benefit from
a "radical reinterpretation" of the MBTI from a five-factor perspective is based on their
findings that the MBTI dimensions correlate significantly with four of the five Big Five
dimensions - Extraversion, Openness to Experience, Agreeableness, and
Conscientiousness. Using the NEO-PI (Costa & McCrae, 1985) as their Big Five measure,
they found that the MBTT's extraversion pole of the E-I dimension was significantly
related to the Big Five's Extraversion dimension, the intuition pole of the S-N dimension
was significantly related to the Big Five's Openness to Experience dimension, the feeling
pole of the T-F dimension was significantly related to the Big Five's Agreeableness
dimension, and the judging pole of the J-P dimension was significantly related to the Big

Five's Conscientiousness dimension.



Not surprisingly, given the positive and affirming nature of MBTI (Saunders,
1986), McCrae and Costa (1989) did not find a relationship between any of the four
MBTI dimensions and the Neuroticism/Emotional Stability/Adjustment dimension of the
five-factor model. They concluded that although these findings are in keeping with the
MBTI author's intentions, the absence of such a dimension "omits information that may be
crucial to employers, co-workers, counselors, and the individuals themselves. For many, if
not most, applications, some measure of Neuroticism would be useful" (p. 36).

However, Harvey, Murry, and Markham (1994) demonstrated that the 71
"unscored" experimental items contained in Form F of the MBTI (only 95 of the 166 items
are scored to produce the four bipolar dimensions; Sipps, Alexander, & Friedt, 1985)
could be scored to produce a fifth dimension that corresponds to the Big Five Neuroticism
dimension. The correspondence of the item content between the five MBTI dimensions
(including the "new" Neuroticism dimension) and the Big Five dimensions "indicates a
solid match between the 5-factor MBTI solution and the conceptual definitions of the Big
Five's constructs" (Harvey et al., 1994; p. 9). These findings are particularly important
because they give practitioners the ability to interpret MBTI scores based on either
traditional interpretations (i.e., Jungian type theory) or within a Big Five framework.

The Growing Use of Personality Tests in Industry

Regardless of whether practitioners decide to adopt a big-five reinterpretation of
the MBTI or stay with its original interpretation in the future, at present, the MBTI is the

most extenstvely used personality inventory in American industry (Zemke, 1992). In



addition, its recent use in industry has experienced the fastest growth rate of any
personality inventory; in 1986, US. businesses accounted for 40% of test sales -- twice
that of their share of just three years previous to that time (Moore, 1987). In 1991 alone,
it was estimated that over 2 million people took the MBTI (Moore, 1987; Suplee, 1991;
Zemke, 1992); a substantial increase from the approximately 1.5 million that completed
the test in 1986.

The MBTT's extensive use in industry is indicative of the recent resurgence in
popularity experienced by personality tests in general. The prevailing view from the
1960's until recently was that personality tests were poor predictors of job performance
(e.g., Guion & Gottier, 1965; Hogan, 1991). However, recent developments have given
way to a more optimistic view of their use in industry. First, evidence via recent
meta-analytic and empirical studies have supported the utility of personality measures as
predictors of diverse performance-related criteria (Barrick & Mount, 1991; Cortina et al,
1992; Day & Silverman, 1989; Hough, Eaton, Dunnette, Kamp, & McCloy, 1990;
Matthews et al.; 1992; Mount et al., 1994; Schmitt & Ryan, 1993; Tett et al., 1991).

Second, it has also been demonstrated that some personality measures can provide
substantial incremental validities over cognitive measures for the prediction of a variety of
job-related criteria (McHenry, Hough, Toquam, Hanson, & Ashworth, 1990). For
instance, personality inventories can complement the use of cognitive tests by tapping such
dimensions as an individual's willingness to learn (e.g., Openness to Experience) in

addition to the domains usually measured by cognitive tests such as the ability to learn.



The measuring of noncognitive factors, such as an individual's motivation to learn, is
important because it is generally agreed that noncognitive factors are heavily implicated in
many, if not most, aspects of job performance (Barrick & Mount, 1991; Hogan, 1991).
Third, recent developments in the legal environment with respect to selection and
testing have made personality testing a viable alternative to the more traditional types of
testing. With the passing of the 1991 Civil Rights Act, employers can no longer adjust test
scores or employ different standards for testing on the basis of minority status in order to
avoid adverse impact (e.g., race norming). In addition, the shifting burden of proof model
provision should make it easier for plaintiffs to win disparate impact cases; therefore it is
likely that the number of discrimination cases will increase (Pattison & Varca, 1991). Asa
result, employers may utilize more personality-based selection measures because, unlike
most cognitive measures, they tend to have little, if any, differential impact on protected
groups, and are therefore less prone to raise discriminatory concerns (Hogan, 1991).
Finally, with the passing of the Employee Polygraph Protection Act of 1988,
paper-and-pencil personality tests -- both clear-purpose (i.e., directly asks information
about attitudes toward theft) and general-purpose type tests (e.g., an employee reliability
index derived from the Hogan Personality Inventory (HPI); Hogan & Hogan, 1988) --
have replaced the traditional "lie detector” as the new means of assessing honesty in the

workplace (Gatewood & Field, 1990).
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Industrial Applications of the MBTI: Understanding vs. Predicting Behavior

Although much of the MBTT's current attention may be viewed as a mere
by-product of the recent growth in popularity of personality tests in industry, in general
(Moore, 1987), a review of the literature citing the various ways in which it has been
utilized (e.g., selection, job placement, and performance appraisals) suggests that
corporations view an employee's MBTI profile as anything but a passing fad. The MBTI
has become an integral part of a substantial number of management development
programs throughout corporate America (Moore, 1987). Corporations such as American
Telephone and Telegraph, General Electric, Exxon and Transamerica use the MBTI
profiles of employees to improve decision-making processes and enhance team-building
efforts (Coe, 1992; McCrae & Costa, 1989). Some of the more frequent applications
include resolving employee disputes, enhancing interpersonal and inter group relations
(Coe, 1992; Gauld & Sink, 1985; Moore, 1987), performance appraisals (Agor, 1988),
strengthening customer relations (Moore, 1987), training (Coe, 1992), and vocational
counseling (Poilitt, 1982).

Such applications within businesses rest upon the assumption that knowing each
other's MBTI profile facilitates communication between members and helps them
understand themselves better in relation to their work and the other members within the
organization (Cowan, 1989). Organizations use the MBTI because employers believe that

this increase in understanding among members will lead to increased motivation,
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problem-solving, innovation and overall productivity within the organization (Hoy &
Hellriegel, 1982).

Research indicates that the MBTTI has also been used primarily as a predictive
instrument. For instance, MBTI profiles have been used to predict employee turnover
(Garden, 1989), various aspects of job performance (Kirton, 1976; Gough, 1976),
organizational consulting competence (Bushe & Gibbs, 1990), as well as the cost
efficiency of an employee's decision-making style as assessed by the MBTI (Davis, Grove,
Knowles, 1990). The MBTI has also been used for selection and promotion purposes
with corporations trying to match the characteristics of a candidate's MBTI profile to the
characteristics of the job or of successful job incumbents (Coe, 1992; Zemke, 1992). Job
analysis has been used in conjunction with this latter application to obtain estimates of the
MBTI profiles most likely to be found among job incumbents based upon the scoring of
the Position Analysis Questionnaire (PAQ; McCormick, Jeanneret, & Meecham, 1972) for
a particular job.

Psychometric Issues

Surprisingly, little has been done with the MBTI in terms of rigorous psychometric
research (Cowan, 1989). The practical implications of some of the applications of the
MBTI -- especially selection, placement, and promotion -- underscore the importance of
achieving adequate psychometric properties (e.g., reliability and validity), as well as
demonstrating its practical utility in the situations for which it is being recommended

and/or used (Zemke, 1992). The most basic of these issues concerns the MBTTI's
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reliability, given the fact that reliability is a prerequisite for both validity and utility
(Crocker & Algina, 1986); that is, a test that does not consistently (reliably) measure a
phenomenon cannot, therefore, effectively predict the phenomenon and, without
prediction, a test cannot be useful.

Reliability

Although a number of studies have concluded that the MBTI demonstrates
satisfactory test-retest, split-half, and internal consistency reliabilities, with estimates
ranging from the low .70's to low .90's (Carlson, 1985; Carlyn, 1977; Carskadon, 1982;
DeVito, 1985; McCarley & Carskadon, 1983; Myers & McCaulley, 1985; Tzeng, Outcalt,
Boyer, & Ware, 1984), the question of what constitutes a satisfactory reliability level
ultimately depends upon one's purpose for using the test, and the way in which the test is
scored.

Specifically, if the purpose for using the test is to predict future behavior in a
situation in which erroneous decisions could be detrimental to both individuals and the
organization (e.g., a selection or promotion decision), then a high degree of reliability is
desirable. The need for a higher degree of reliability is compounded by the fact that the
scoring system of the MBTT utilizes a cutoff score to dichotomize the continuous
preference score when assigning categorical type labels. Clearly, the relative importance
of measurement error increases dramatically in situations in which a cutting score is used

to divide the distribution into discrete types because the effect of unreliability in the
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vicinity of the cutoff score could cause an examinee to be assigned to the opposite
preference category (e.g. Extravert instead of an Introvert).

To illustrate the need for increased measurement precision for the MBTI scales,
Harvey and Murry (1994) -- used a pooled MBTI preference score reliability of .85 to set
confidence intervals around the preference score cutoff points, the goal being to determine
what percentage of examinees would fall within the measurement error band (i.e., plus or
minus 1-2 standard errors of measurement) around each cutoff score. Their results
indicated that approximately 22-55% of examinees fell within the area of measurement
imprecision around the cutoff scores; for such individuals, even a slight amount of
measurement error could cause them to be classified in the opposite type category. The
consequences of being misclassified on just one dimension are exacerbated by the
proposed interactive nature of the four dimensions (Myers & McCaulley, 1985), in that a
change on only one dimension could drastically alter the overall interpretation of one's
MBTI profile (and therefore any predictions based upon it). For example, an ENTP
profile is interpretively quite different from an INTP profile, not just in terms of the E-I
dimension but also how the other three dimensions interact with the E-I dimension.

A related matter concerns test-retest findings regarding type stability, or the
probability of being assigned the same categorical personality type on repeated testings. If
a test is adequately reliable, it should yield similar on repeated administrations; or, in the
case of the MBT], it should assign individuals to same categorical personality type on

repeated administrations (barring, of course, the possibility of true type change during the
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inter-test interval [ITI]). On a practical level, this aspect of the MBTI is most important if
employee selection predictions are to be made based on the categorical type profiles (a
common practice for the MBTI).

Although McCarley and Carskadon (1983) similarly concluded that the test-retest
reliability coefficients of the MBTI subscales within a five week retest period were "high,"
ranging from .77 (T-F scale) to .89 (JP scale), the percentage of subjects who retained
their dichotomous type preferences across all four scales was only 47% (Carlson, 1985).
Thus, respondents had approximately a 1-in-2 chance of being assigned the opposite
preference category on at least one of the MBT]I personality dimensions upon the next test
administration. Carskadon (1979) reported that test-retest reliabilities over five-week
intervals ranged from .78 to .87; analysis of type stability revealed that 19% of the subjects
having changed type on the E-I dimension, 11% on the S-N dimension, 17% on the T-F
dimension, and 16% on the J-P dimension. The short test-retest ITI in both of these
studies suggests that this type-shifting phenomenon is not developmental in nature; indeed,
given the short ITI, it is likely that the majority of these apparent type changes were due
simply to the action of measurement error in the vicinity of the type cutoff scores.

In 1991, the National Research Council (NRC), a subgroup of the National
Academy of Sciences, examined the MBTTI and five other instruments used extensively in
training (Zemke, 1992). After reviewing 11 studies of MBTI test-retest outcomes, the
NRC found that type stability ranged anywhere from 24 percent to 61 percent. In other

words, out of 100 examinees, at least 24 and at most 61 of them would be assigned to the
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same type category when retested over various retest intervals. The median for those
changing on at least one of the four dimensions was 37%, with a low and high of 27 and
44 percent, respectively.

Even the type stability statistics for various ITIs documented in the MBTI manual
(Myers & McCaulley, 1985) demonstrate clearly less than perfect test-retest agreement for
type categories. For a 5-week ITI, the percentage of categories that remained unchanged
on retest for all four dimensions (e.g., the chance of an ENTP staying categorized as an
ENTP upon the second test administration) ranged from 43% to 56% across four
independent samples. In one study using a 5-week ITI, the percentage of test-retest
agreement in each category ranged from 54% to 100% for the E-I dimension, from 69%
to 100% for the S-N dimension, from 67% to 100% for the T-F dimension, and from 58%
to 100% on the J-P dimension. These statistics demonstrate that for each dimension some
individuals remained the same type (100% agreement) while others had anywhere from a
46% chance (for the E-I dimension) to a 31% chance (for the S-N dimension) of changing
on at least one of the dimensions. For longer ITIs, varying from 2 months to 2 years, the
type stability statistics were even more dismal: only 31% to 53% of the subjects stayed the
same four-letter type, with a median percentage of 39%, across eight different studies.

One possible reason for this discrepancy between apparently adequate test
reliability statistics and the clearly less than desirable type stability statistics is that many of
the test-retest and split-half reliabilities reported for the MBTI may be somewhat

overestimated. That is, almost all of the studies that have assessed MBTI reliabilities used
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the continuous preference scores to compute the reliabilities (Carlson, 1985; Murray,
1990). Using continuous scores rather than the dichotomous type scores that are actually
used to define the categorical type profile might tend to inflate the reliabilities, because
some degree of information loss would be expected as a result of the dichotomization
process. The loss of information caused by dichotomizing the preference score may be
substantial, Harvey and Murry (1994) estimated that from 26-32% of the preference score
variance was lost due to dichotomization. As a result, reliabilities based on continuous
scores may be somewhat, if not significantly, higher than those based on dichotomous
preference scores. Since interpretations and predictions are ultimately made on the basis
of dichotomous classifications (Myers & McCaulley, 1985), it could be argued that the
reported reliabilities should be also be a reflection of these dichotomies.

Unreliability in an instrument, such as the MBTI, may be a function of poor item
sampling; that is, if items that do not measure the desired construct well are present, this
will introduce construct-irrelevant or error variance, thereby decreasing the precision --
and therefore the consistency -- of the instrument (Crocker & Algina, 1986). Numerous
studies (Comrey, 1983; Johnson & Saunders, 1990; Sipps, Alexander, & Friedt, 1985,
Thompson & Borrello, 1986, 1989) have demonstrated that MBTI items vary greatly in
terms of the strength of their factor loadings, and that some items are much better

measures of the underlying MBTI constructs than others (Comrey, 1983).
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Classical Test Theory versus Item Response Theory

Most item analysis of the MBTI have been based on classical test theory (CTT)
and, therefore, on the assumption of a linear relationship between a respondent's ratings of
the MBTI items and the underlying personality construct (e.g., true score = observed
score + error or the expected observed score). If this assumption of linearity is incorrect
-- as may often be the case in applied measurement situations (Hambleton, Swaminathan,
& Rogers, 1991; Hulin, Drasgow, & Parsons, 1983) -- then item statistics that are based
on a nonlinear relationship between items and latent traits might more accurately reflect
the item's functioning in relation to the underlying construct being measured. Unlike CTT,
latent-trait or item response theory (IRT) models assume that the underlying trait being
measured (termed theta) will demonstrate a nonlinear, S-shaped relation (term the item

characteristic curve, or ICC) with the observed item response.

These ICCs underscore a fundamental difference between IRT and CTT: the way
in which IRT links the observed item response to the underlying trait being measured.
Specifically, it is assumed that the probability a correct response to an item is a function of

both theta (the latent trait) and the characteristics of the item (e.g., is it an "easy/hard"

item; is one response more socially desirable than another; what is the probability of
guessing the item correctly; how well does the item differentiate between individuals
possessing differing amounts of ability). The basic idea being that individuals with higher

values of the measured latent trait will be more likely to positively respond to an item than
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individuals possessing less of that trait while taking into account the characteristics that
influence the item's ability to accurately measure that trait.

To estimate this relationship, the probability of an examinee's response profile (i.e.,
pattern of observed responses) at a given level of theta is estimated. In other words, it is
based on conditional probability: the probability that examinees will positively respond to
the item given their previous response patterns and estimates of theta.

Since neither theta nor the characteristics of the item are known, they both must be
estimated simultaneously through some sort of iterative process. Ad hoc methods are
generally used to obtain initial values for the item parameter and ability (i.e., theta)
estimates. For instance, bayesian estimation procedures can be used to incorporate any
prior information about the ability distribution, such as information about the mean (as
with the Expected A Posteriori [EAP] estimation method) or the mode of the posterior
distribution, into the calculation of initial theta estimates (Hambleton et al., 1991).

Once the "starting" values are obtained, the likelihood equations for the item
parameter estimates are solved by holding the initial ability parameter estimates constant.
These resulting item parameter estimates are then used to obtain revised estimates of the
ability parameters, which in turn are used to reestimate the item parameters; and so on.
This procedure continues until the changes in the ability and item parameter estimates
from one iteration to the next is small enough to say the estimates have converged to their

“"true" values (Hulin et al., 1983).
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Besides assuming a nonlinear relationship between the item and the trait being
measured, IRT has a number of other advantages over CTT approaches. For instance, its
primary focus is at the item level of analysis as opposed to the composite level (e.g., total
test score) of analysis, as is the case with CTT. For instance, with a 3-parameter logistic
IRT model, three different sources of information -- or item parameters -- concerning an
item's functioning in relation to theta, can be used to evaluate differential functioning
among the items in a test pool. These three parameters, which are used to define the
shape of each item's ICC, are: (a) discrimination, (a@ parameter), which denotes the degree
of information provided by an item in relation to theta; (b) difficulty (b parameter), which
determines the location on theta where the item is most informative or discriminating (e.g.,
a parameterj and is, therefore, the point on theta where the item exhibits its maximum
accuracy, or freedom from error; and (c) pseudoguessing (c parameter), which is used to
compensate for the probability that an observed response is a function of any factor other
that rather than a examinee's true standing on theta (e.g., guessing, social desirability). For
instance, if an item for the T-F dimension read "In general, are you more apt to watch a
story on television that is: (a) dramatic and touching, or (b) informative and convincing?"
and had a ¢ parameter of .27 this would indicate that even "thinking" people have a 27%
probability of endorsing this item in the feeling direction. An item with a ¢ parameter
near zero (e.g., .04) indicates that there is a very small chance that a thinking person
would endorse the feeling response as opposed to the thinking response for that item.

Item-based statistics have a number of applications such as the designing of tailored tests
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for specific purposes (e.g., tests that discriminate well around the cutoff score for high
ability examinees), and building item banks for computer adaptive testing (Hambleton et

al., 1985, 1991).

An important limitation of CTT is that item and test characteristics are

sample-dependent; that is, whether an item or test is difficult, as defined by item difficulty
and number-right statistics, is based solely on the ability of the group of examinees in
which it was administered . For example, if the same test was administered in two groups
-- oﬁe of below-average ability and the other of above-average ability - the p (difficulty)
values for the same set of items will be much higher in the low ability group than in the
high ability group.

Similarly, the scores of examinees are test-dependent; that is, they can only be
meaningfully interpreted within the context of the test in which they were assessed. This

makes comparison of examinee scores across tests very difficult because the tests are on

different scales (Hambleton, 1991). For instance, if two groups of examinees with the
same level of ability were given the same test but one test was normed in a sample
possessing below-average ability and the other test was normed in a sample possessing
above-average ability -- because the test and item characteristics are totally dependent
upon the mean level of trait possessed by the norming group -- subsequent examinees
taking the test normed on the lower-ability group would appear to have more ability than a
group of examinees taking the test normed on the higher-ability group even though the

two group's "true" theta level is identical.
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Unlike CTT, IRT item and test indices are not sample-dependent. Similarly,
examinee scores, or ability estimates, are not test-dependent. According to Hambleton
(1991), "ability estimates obtained from different sets of items will be the same (except for
measurement error), and item parameter estimates obtained in different groups of
examinees will be the same (except for sampling error)" (p. 8). This property of item and
ability invariance is due to the joint estimation of ability and item parameter estimates, as
described above, because information about each is used in the estimation of the other
(e.g., ability parameter estimates are used in the calculation of item parameter estimates
and vice versa; Hambleton, 1991). As a result, scores from two different tests can be
placed on the same theta metric, items that function differently for various subgroups (i.e.,
item bias or differential item functioning [DIF]) can be detected, and it is possible to
determine whether translations of tests into different languages are comparable.

Another distinction between IRT and CTT is the concept of standard error of
measurement (SEM). With CTT, the SEM is a function of both the test's reliability and
variance, and is assumed to be the same for all examinees. But test scores for examinees
of different levels of abilities contain different amounts of error. For instance, if an
examinee gets none of the questions on an ability test correct, then it is assumed that the
examinee has a low ability level but how low cannot be known since there is no
information pertaining to what the examinee can do. If, however, the examinee gets some

items right and some items wrong, then the test score provides more information about
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what that examinee can and cannot do and therefore provides more information -- and,
accordingly, a more precise measure -- of that examinee's ability level.

To put it another way, with a normal distribution, the most precise measurement
(maximum about of information) occurs at the average ability level because, by definition,
that is the point where the most data (information) exists about the ability being measured;
therefore it is the distribution point least likely to suffer from sampling error. Similarly, as
an individual's ability level departs from the average, the test becomes less precise because
the standard error also becomes larger with departures from the average. A major
advantage with IRT is that the SEM varies as a function of the underlying trait being
measured with the lowest SEM at the point at which the test provides its maximum
amount of information.

One of the few MBTI studies that adopted an IRT approach, Harvey and Murry
(1994), used a 3-parameter logistic IRT model, that the "MBTI items do not contribute
equally to the measurement of the dimensions" (p. 8). For example, discrimination (a)
parameters for various items ranged from .35 to 2.1 on the E-I scale alone, meaning that
some items discriminated along the E-I dimension very well, while others contributed
relatively little to its measurement of the underlying trait. In addition, many of the item
location/difficulty (b) parameters indicated that many of the items discriminated poorly
around the type cutoff scores.

Although the point of maximum discriminating power/measurement precision for

each MBTTI scale was quite close to the type cutoff scores -- which is desirable, in the
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