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Self-report measures of adult attachment are typically scored in ways (e.g., averaging or summing items)
that can lead to erroneous inferences about important theoretical issues, such as the degree of continuity
in attachment security and the differential stability of insecure attachment patterns. To determine whether
existing attachment scales suffer from scaling problems, the authors conducted an item response theory
(IRT) analysis of 4 commonly used self-report inventories: Experiences in Close Relationships scales
(K. A. Brennan, C. L. Clark, & P. R. Shaver, 1998), Adult Attachment Scales (N. L. Collins & S. J. Read,
1990), Relationship Styles Questionnaire (D. W. Griffin & K. Bartholomew, 1994) and J. Simpson’s
(1990) attachment scales. Data from 1,085 individuals were analyzed using F. Samejima’s (1969) graded
response model. The authors’ findings indicate that commonly used attachment scales can be improved
in a number of important ways. Accordingly, the authors show how IRT techniques can be used to
develop new attachment scales with desirable psychometric properties.

Attachment theory is being used by an increasing number of
researchers as a framework for investigating adult psychological
dynamics. For instance, many researchers use this framework to
study the continuity of close-relationship patterns over time (Bald-
win & Fehr, 1995; Fraley, 1999; Klohnen & Bera, 1998; Scharfe
& Bartholomew, 1994; Waters, Hamilton, Weinfield, & Sroufe, in
press), the role of attachment organization in regulating support-
seeking behavior during stressful circumstances (Fraley & Shaver,
1998; Simpson, Rholes, & Nelligan, 1992), and the influence of
parents’ caregiving behavior on their childrens’ security (van
IJzendoorn, 1995).

Given the diverse scope of questions addressed in attachment
research, it is necessary to ensure that measures of adult attach-
ment are as precise as possible. Until recently, however, adult
attachment measures have suffered from a number of psychomet-
ric limitations (see Brennan, Clark, & Shaver, 1998; Fraley &
Waller, 1998; Griffin & Bartholomew, 1994, for discussions). For
example, early adult attachment instruments classified people into
discrete categories (see, e.g., Bartholomew & Horowitz, 1991;
Hazan & Shaver, 1987; Main & Goldwyn, 1994), oftentimes using
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responses to single items to make classifications (e.g., Hazan &
Shaver, 1987). Research using taxometric techniques (Meehl,
1995; Waller & Meehl, 1998) has shown, however, that adult
attachment variation does not fit a taxonic model; thus, attempts to
impose categorical models on attachment variability can lead to
serious problems in conceptual analyses, statistical power, and
measurement precision (Fraley & Waller, 1998).

More recently, researchers have focused on dimensional models
of attachment (e.g., Brennan et al., 1998) and on creating multi-
item inventories to assess individual differences on attachment
dimensions. Despite these notable advances, it is an open question
whether existing attachment scales possess the requisite psycho-
metric properties needed to answer the diverse questions posed by
attachment researchers. One limitation of many scales is that they
are scored in ways that are not based on strong measurement
models. For instance, an individual’s degree of security is often
determined by averaging (or summing) responses to statements
thought to be manifestations of secure attachment. As numerous
psychometricians have shown, however, such scaling techniques
are problematic for many reasons (Embretson, 1996; Yen, 1986).
Specifically, classical methods of scoring do not guarantee that
measurement precision will be equally distributed across the do-
main of interest. Furthermore, the psychometric properties of
so-called “total scores” depend on the number of scale items and
the properties of the sample under study (Hambleton, Swami-
nathan, & Rogers, 1991). To avoid these problems, an explicit
model is needed for relating latent variables to item response
behavior.

In this article we argue that item response theory (IRT;
Hambleton & Swaminathan, 1985; Lord, 1980) offers a useful
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framework for relating latent variation in attachment organiza-
tion to observed scores on self-report attachment scales. We
begin by reviewing some well-known problems of classical test
theory (Embretson, 1996; Waller, Tellegen, McDonald, &
Lykken, 1996). Our aim in this section is to show that several
limitations of classical test theory have a direct bearing on
contemporary issues in attachment research, such as the degree
of continuity in attachment security (Baldwin & Fehr, 1995;
Klohnen & Bera, 1998; Fraley, 1999; Scharfe & Bartholomew,
1994; Waters et al., in press) and the differential stability of
various attachment patterns (Davila, Burge, & Hammen, 1997).
Next, we demonstrate how IRT can be used to circumvent these
limitations. Specifically, we report the results of an IRT anal-
ysis of several multi-item, self-report attachment scales (Bren-
nan et al., 1998; Collins & Read, 1990; Griffin & Bartholomew,
1994; Simpson, 1990) and discuss the limitations of these scales
from an IRT perspective. Finally, we introduce two new attach-
ment scales that were developed with the tools of IRT.

Although our primary objective is to address psychometric
issues in the domain of adult attachment research, we also hope
to convey the advantages of IRT-based models for other areas
of personality assessment (see Reise & Waller, 1990; Steinberg
& Thissen, 1995; Waller & Reise, 1989). Indeed, many of the
issues of interest to attachment researchers (e.g., stability of
individual differences) are relevant to researchers investigating
personality and social phenomena more broadly. Unfortunately,
much of the literature on IRT is too technical for many person-
ality researchers (see any recent article in Psychometrika for an
example). Furthermore, because many IRT models were de-
signed for the study of intellectual abilities, social and person-
ality researchers may find it difficult to translate traditional IRT
concepts into a serviceable framework. To overcome these
limitations, we have written this article in a way that is general
enough to be of interest to readers specializing in diverse areas
in personality and social psychology. We have also tried to
make our discussion of IRT strike the delicate balance between
clarity and technical thoroughness to be useful to a broad
spectrum of researchers. We hope that this article will not only
advance measurement in the field of adult attachment, but that
it will also facilitate the exploration of IRT-based models in the
broader fields of personality and social psychology.

The Basic Concepts of IRT

The rubric “item response theory” refers to a diverse family of
models designed to represent the relation between an individual’s
item response and an underlying latent trait (van der Linden &
Hambleton, 1997). In the examples considered below, we focus on
IRT models for dichotomously scored items (e.g., “yes—no,” “true—
false™) for ease of explication. However, as we explain and dem-
onstrate later, Likert-type items (e.g., 5- or 7-point scales) can also
be fruitfully analyzed by simple extensions of binary-item IRT
.models.

In IRT, the underlying trait is commonly designated by the
Greek letter theta (6). Theta is conceptualized as a quantitative trait
and, in many IRT programs, is scaled to have a mean of zero and
a standard deviation of one. An important objective in item re-
sponse modeling is to characterize the relation between theta and

the probability of item endorsement. This relation, typically re-
ferred to as the item characteristic curve (ICC), can be defined as
the (nonlinear) regression line that represents the probability of
endorsing an item (or an item response category) as a function of
the underlying trait. Before discussing the mathematics of an ICC,
we present several illustrative ICCs in Panel A of Figure 1. There
are several noteworthy features of these curves. First, they are all

. monotonically increasing functions. In other words, the probability

of endorsing an item continuously increases as one moves along
the trait continuum. This feature is typical of common parametric
IRT models. Second, the curves are nonlinear. If the ICCs were
linear, predicted response probabilities could be greater than one
and less than zero for individuals with extreme scores. Finally, the
three ICCs differ in shape. As will be discussed below, these
differences are due to variability in the difficulty or extremity of
the items and variability in how well the items discriminate be-
tween people with similar levels of the latent trait.

The three ICCs in Panel A of Figure 1 were generated from an
item response model commonly referred to as the two-parameter
logistic item response model (2PLM; Birnbaum, 1968):

Pj(ei) = 1/[1 + exp( - aj(ei - B;))] (D)

In this model, P(6;) denotes the probability that an individual
with trait level 6, will endorse item j in the keyed direction. This
probability is a function of one person parameter (i.e., trait level)
and two item parameters: the item difficulty and the item discrim-
ination parameters.

In the 2PLM, the item difficulty parameter (B;) represents the
level of the latent trait necessary for an individual to have a .50
probability of endorsing the item in the keyed (i.e., trait consistent)
direction.! For example, if an item has a difficulty value of 1.00,
then an individual with a trait level of 1.00 has a 50% probability
of endorsing the item. This point is illustrated by Item 1 in Panel
A of Figure 1. Items with higher difficulty values tend to be
endorsed only by individuals higher on the trait continuum (thus,
they tend to be endorsed by few individuals). Conversely, items
with lower difficulty values tend to be endorsed by individuals
with moderate or high trait levels (thus, they tend to be endorsed
by many individuals). This last point is well illustrated by Item 2
in Panel A of Figure 1. Notice that Item 2 has a difficulty value of
—1.00.

In the 2PLM, the item discrimination parameter (o) tepresents
an item’s ability to differentiate between people with contiguous
trait levels. Theoretically, this parameter ranges from 0.00 to
positive infinity, although in most applications the observed range
is considerably shorter. Specifically, in the assessment of person-
ality, attitudes, and interpersonal behaviors, item discriminations
often fall between 0.50 and 2.50 (Gray-Little, Williams, & Han-
cock, 1997; Hambleton et al., 1991; Kim & Pilkonis, 1999; Reise

! The term difficulty is used because many psychometric models, includ-
ing IRT-based models, have been developed for the assessment of educa-
tional abilities (Crocker & Algina, 1991). In the context of IRT, an item is
considered difficult if a high level of ability or knowledge is required to
answer it correctly. Only individuals with a high degree of knowledge will
be able to answer the difficult items, and almost everyone will be able to
answer the easy items.
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Figure 1. ltem response properties for a three-item hypothetical scale, using the two-parameter logistic item
response model (2PLM). A: item characteristic curves for the three items. B: information curves for each item.
C: test information function for the three-item scale. D: standard error of the test as a function of the latent trait.

& Waller, 1990). When the latent trait distribution is normal, the
item discrimination parameter is related to the item factor loading
{when the factor analysis has been conducted on tetrachoric cor-
relations; Takane & de Leeuw, 1987). It is also related to the
well-known item—test correlation of classical test theory. Accord-
ingly, an item that correlates highly with a scale total score is a
better indicator of the latent trait than an item that correlates less
strongly with the total score. Similarly, in IRT, an item that has a
high discrimination value is a better indicator of the latent trait
than an item that has a smaller discrimination value.

To better understand the above points, consider, once again,
Item 1 in Panel A, Figure 1. This item has a discrimination value
(a) of 1.50 (which roughly corresponds to a factor loading of .83).
Notice that people with trait levels in the vicinity of 1.25 are
substantially more likely to endorse Item 1 than are people with
trait levels of 0.75. Item 3, however, has a discrimination value of
only 0.50 (roughly corresponding to a factor loading of .45).
Notice that in this case, individuals with trait levels near 1.25 are
only slightly more likely to endorse Item 3 than are persons with
trait levels of 0.75. In other words, Item 3 does a poor job of
discriminating among individuals with similar trait levels.

It is important to note that an item’s ability to discriminate
between people with similar trait levels is highest in the theta
region corresponding to the item’s difficulty. For example, Item
1—which has a difficulty value of 1.00—is better able to differ-
entiate between people with scores of 0.75 and 1.25 than between
people with scores of —1.25 and —0.75. This observation has an
important implication for test construction and evaluation within
an IRT framework. Namely, it suggests that items are not equally
informative across the entire trait range. Some items are adept at
discriminating people on the high end of the trait continuum but
poor at discriminating people in the lower range of the continuum.

In IRT, these relations are represented by the concept of item
information (I). Formally, item information in the 2PLM is defined
as:

1;‘(9;) = ﬂf?' X P;(as) X {(1- Pj(ﬂz))» 2)

where ozj2 is the squared item discrimination parameter for item j
and P(8,) is the probability of endorsing item j for individuals with
0 level i. According to this equation, an item yields the most
information at the point on the trait continuum where 6, equals 8;.
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In other words, items are most informative when the item difficulty
parameter is perfectly matched to the person’s trait level.

When item information is calculated for all trait values, we can
construct an item information curve. Like ICCs, item information
curves (IICs) can be plotted to represent relative information as a
function of trait level. For instance, in Panel B of Figure 1 we have
plotted item information functions for the three items discussed
previously. Notice that these plots graphically portray our earlier
point. Namely, an item is most informative at trait or theta levels
corresponding to the item difficulty values. Furthermore, as im-
plied by Equation 2, items with small discrimination values (e.g.,
Item 3) yield relatively less information than items with high
discrimination values. Such items have ICCs that are flatter, or less
peaked, than items with high discrimination values.

Importantly, item information curves can be summed to produce
an information curve for the full scale. This curve is often called
the test information curve (TIC). The TIC represents the relative
precision of the scale across different levels of the trait continuum,
and the height of the TIC is proportional to the standard error of
measurement (SEM). Specifically, in the 2PLM, the standard error
of a trait estimate is equal to the inverse square root of the
information value at a particular trait level. In IRT models, mea-
surement precision can potentially differ for people with different
trait levels. Unlike classical test theory, in which measurement
precision is typically represented by a single number (such as
Cronbach’s alpha), in IRT there are as many standard errors of
measurement as there are unique trait estimates. As one might
suspect, some tests, like items, are particularly well-suited to
specific regions of the trait domain.

The TIC and the conditional standard error of measurement for
the three illustrative items of this section are presented in Panels C
and D of Figure 1. As can be seen in these plots, this three-item
scale provides the most precise measurement for individuals with
trait values between —1.00 and +1.00. Notice that people on the
extreme high and low ends of the trait distribution are measured
with relatively less precision.

Advantages of IRT Over Classical Scaling Methods

A major advantage of IRT models is that they are based on an
explicit measurement model that characterizes the relation be-
tween a latent trait and an observable manifestation of the trait. In
other words, IRT is a model-based approach to psychological
assessment (Embretson, 1996, Embretson & Hershberger, 1999;
Waller et al., 1996; Zickar, 1998). Because of this feature, IRT
offers a number of advantages that traditional methods based on
classical test theory do not. We will explain one such advantage
below and discuss how it is relevant to current theoretical issues
and debates in adult attachment research. (See Hambleton et al.,
1991, for further discussion of the advantages of IRT over classical
test theory.)

As we noted previously, a major limitation of traditional assess-
ment frameworks is the assumption that measurement precision is
constant across the entire trait range. IRT models, however, ex-
plicitly recognize that measurement precision may not be constant
for all people. It is probably the case that most scales, particularly
those derived for clinical purposes, are good at differentiating
among people in the high range of a trait, but less well-suited for

differentiating people in the normal-to-low range of the trait. In
other words, it is likely that many scales used in personality
research have an unequal distribution of precision across the
normal range of the trait continuum.

A scale can have uneven information functions for at least two
reasons: (a) The item difficulty values cluster in a narrow region of
the trait range, and/or (b) the item discrimination values are dif-
ferentially concentrated in certain regions of the trait range. Below,
we focus on uneven scale information resulting from the first of
these sources and highlight its implications for investigating two
issues in contemporary attachment research: (a) the stability of
individual differences in security and (b) the differential stability
of anxious attachment.

When a scale has an uneven distribution of item difficulty
values, it also will have an uneven information function. For
instance, when the item difficulty values are clustered on the high
end of the trait range, the scale will yield precise measurement for
individuals with high traits values and relatively imprecise mea-
surement for individuals with moderate to low trait values. To
illustrate the psychometric properties of such scales, we created
two hypothetical 20-item scales that differed in their distribution of
item difficulty values. For both scales, all items had discrimination
values of 1.50. In the first scale, which we will call the “clustered
scale,” the 20 items had evenly spaced difficulty values that ranged
from 1.00 to 3.00. In the second scale, which we will call the
“nonclustered scale,” the difficulty values spanned a wider range.
Specifically, the items had evenly spaced difficulty values between
—3.00 and 3.00 (an interval that essentially covers the entire trait
range). In a simulation, we created normally distributed, error-free
latent trait values for a sample of 200 people (M = 0.00,
SD = 1.00) and, by applying Equation 1, used these values to
generate expected observed scores on the two scales.

The test information curves for the clustered and nonclustered
scales are illustrated in panel A of Figure 2. Notice that the
nonclustered scale (labeled N in the figure) has an information
curve that is relatively constant across a wide range (—2.00
to 2.00) of the trait continuum. The clustered scale (labeled C in
the figure), however, has an information curve that peaks on the
high end of the trait range and tapers off toward the lower end of
the trait continuum. The hill-shaped feature of this information
curve nicely illustrates why scales with clustered item difficulties
provide uneven measurement precision across the trait range. An
important feature of these scales is that they both have Cronbach
alpha reliabilities of .81 in the simulations. Nonetheless, as clearly
indicated in the figure, the relative degree of measurement preci-
sion for individuals at the low and high ends of the trait continuum
are dramatically different for the two scales. For instance, the
conditional standard error of measurement for individuals with
trait values of —1.00 are 4.77 and 0.49 for the clustered and
nonclustered scales, respectively.

What are the implications of clustered item difficulties for
estimates of personality stability? To examine this issue, we con-
ducted a second simulation in which several parameters were
varied. Specifically, we manipulated the degree of “true” trait
stability by varying the cross-time correlation, r, from r = 0.00 (no
stability) to r = 1.00 (perfect stability) in increments of 0.10. For
each level of stability, we generated two sets of 200 z scores from
a bivariate normal distribution to represent the error-free latent
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Item response properties for scales with clustered and evenly distributed item difficulty values. A:

information curves for both kinds of scales. B: scatterplot for Time 1 and Time 2 observed scores for a scale with
clustered difficulty values. C: growth curves for latent trait values in which people high in the trait are perfectly
stable over time and people low in the trait are less stable. D: growth curves for the clustered-scale observed

scores based on the latent trait scores in Panel C.

trait values. We then generated Time 1 and Time 2 item responses
for the clustered and nonclustered scales that were described
previously. The mean test-retest correlations for both scale types,
averaged across 500 simulations, are presented in Table 1.
Notice that the clustered scale provides trait stability estimates
that are similar to those of the nonclustered scale across all levels
of test—retest stability. What is not evident from these results is that
the test—retest correlations for the clustered scale are largely an
artifact of the distribution of item difficulties. To clarify this point,
we have plotted Time 1 versus Time 2 total scores for the clustered
scale in Panel B of Figure 2. Notice that there is a high density of
observations at the bottom left-hand side of the plot. The high
density of scores in this region occurs because the test items are
too difficult for most people in the sample. In other words, a high
level of the latent trait is required for an individual to endorse the
items in the keyed direction. Few people have the necessary trait
level to yield a keyed response; consequently, most people fail to

endorse the items and consistently receive low observed scores at
each time point. This result, combined with the fact that people
with high trait values are assessed with considerable precision (see
Panel A), is responsible for the surprisingly high test-retest cor-
relation in a scale with markedly uneven measurement precision.
An important implication of these findings is that high test-retest
correlations can be obtained in situations where measurement
precision is uneven at both time points.?

Scales with clustered difficulty values present an additional
problem that, potentially, can vitiate developmental research on

2 As mentioned previously, uneven measurement precision can also
result from having a nonuniform distribution of discrimination values.
When this is the case, test-retest estimates of reliability are substantially
attenuated relative to cases in which the item discrimination values are
constant across the entire trait range.
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Table 1
The Effect of Clustered Item Difficulties on Test-Retest
Estimates of Trait Continuity

Test-retest correlation

True degree of continuity Nonclustered scale Clustered scale

00 .00 00
10 .08 07
20 .16 i3
30 .25 21
40 .33 28
50 41 36
60 49 44
70 .57 53
80 .66 62
90 74 72
1.00 .82 82

Note. These statistics are based on the average results of 500 simulations.

attachment. For instance, in Panels C and D of Figure 2, we have
plotted simulated scores on two administrations of the aforemen-
tioned clustered scale. For illustrative purposes, we will assume
that our scales measure individual differences in attachment-
related anxiety. In Panel C, we display the latent trait (i.e., true
trait) values for the two administrations. The data were generated
to conform to the following model: Individuals with trait values
greater than 0.00 at Time 1 were assumed to have perfectly stable
trait values; individuals with trait values less than or equal to 0.00
at Time 1 were assumed to undergo change. In particular, for these
individuals, the correlation between their Time 1 and Time 2 trait
values was precisely .50. The model design is easily discerned in
the linear growth curves plotted in Panel C of Figure 2. Notice that
Time 1 latent trait values greater than 0.00 do not change and,
hence, the corresponding linear growth curves are horizontal (i.e.,
have slopes of 0.00). However, individuals with Time 1 latent trait
values that are less than 0.00 show considerable change and have
linear growth curves with nonzero slopes.

Investigators with access to the (true) latent trait values that are
portrayed in Panel C would accurately conclude that the stability
of attachment-related anxiety is a function of one’s trait value.
Highly anxious individuals show little-to-no change, whereas rel-
atively less anxious individuals show considerable change. Unfor-
tunately, except in simulation studies, we never have access to
actual latent trait values—at best, we obtain estimated latent trait
values. Most researchers use estimated trait scores that are simple
sums (or means) of observed item responses (i.e., total scores).
When scales have psychometric properties that are similar to those
of the so-called “clustered scale” of our running example, this
practice can provide grossly misleading results. This point is
illustrated in Panel D of Figure 2. In this panel we have plotted the
Time 1 and Time 2 observed or total scores for the same individ-
uals that were used to construct Panel C. Recall that individuals
with high latent trait values did not change whereas individuals
with low latent trait scores exhibited considerable change. At the
observed score level, however, the pattern of results is exactly
opposite of that of the latent trait level. The observed score growth
curves suggest that highly anxious individuals are less stable over

time than are less anxious individuals. In fact, this later observa-
tion is precisely what some researchers have reported. For in-
stance, Davila and her colleagues recently found that highly anx-
ious individuals (i.e., those people who are anxiously concerned
about their partner’s responsiveness and availability) exhibit less
stability in their attachment patterns than less anxious people
(Davila et al., 1997). Without knowing the information properties
of self-reported anxiety scales, however, it is difficult, if not
impossible, to know what these observations reveal about differ-
ential stability at the latent trait level.

An IRT Analysis of Adult Attachment Items

The many limitations of classical test methods for studying
issues relevant to adult attachment theory make it imperative to
determine whether existing attachment scales are adequate from an
IRT perspective. Specifically, it is necessary to ascertain whether
existing scales have a high and evenly distributed degree of mea-
surement precision. To this end, we conducted an IRT analysis of
four commonly used multi-item self-report inventories of attach-
ment: Brennan et al.’s (1998) Experiences in Close Relationships
scales, Collins and Read’s (1990) Adult Attachment Scales, Grif-
fin and Bartholomew’s (1994) Relationship Styles Questionnaire,
and Simpson’s (1990) (unnamed) attachment scales. In the sec-
tions that follow, we show that all of these scales are less than ideal
from an IRT perspective. In particular, most of the scales have
relatively low or unevenly distributed test information curves.
Thus, measurement precision is either poor or differentially dis-
tributed across the trait range with these scales. Some of these
limitations are easily avoided, however, and we demonstrate how
IRT methods can be used to develop new scales with improved
psychometric properties.

Method

Sample and Instruments

The data used in this study were originally collected by Brennan and her
colleagues (Brennan et al., 1998). The sample contains item responses
from 1,085 undergraduate students (682 women, 403 men) from the
University of Texas at Austin. At the time of testing, the participants had
a median age of 18 years (range = 16-50). Further information concerning
sample characteristics is reported elsewhere (Brennan et al., 1998).

All participants were administered 323 items designed to measure at-
tachment organization. All items were rated on a 1 (strongly disagree) to 7
(strongly agree) Likert-type scale and were worded to be relevant to
romantic relationships. The items were drawn from 14 self-report inven-
tories of attachment that were available in 1996 (see Brennan et al., 1998,
for a listing of inventories). Included in this diverse item pool were items
from the four inventories that we focus on here: Brennan et al.’s (1998)
Experiences in Close Relationships Questionnaire (ECR); Collins and
Read’s (1990) Adult Attachment Scale (AAS); Griffin and Bartholomew’s
(1994) Relationship Styles Questionnaire (RSQ); and Simpson’s (1990)
(unnamed) attachment questionnaire.

The ECR assesses two dimensions: Anxiety and Avoidance. An 18-item
subscale measures each dimension. The AAS assesses three dimensions:
Close, Depend, and Anxiety. Six items are used to assess each dimension.
The RSQ measures a person’s relative fit to four theoretical attachment
types: Secure, Fearful, Preoccupied, and Dismissing. The inventory con-
sists of four subscales, with 4 to 5 items each. The Simpson inventory
assesses people’s relative fit to three attachment types: Secure, Avoidant,
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and Anxious attachment. Each subscale consists of 4 to 5 items. For a
detailed discussion of these various subscales and their theoretical inter-
pretations, see Brennan et al. (1998); Crowell, Fraley, and Shaver (1999);
and Fraley and Shaver (in press).

The Graded Response Model (GRM)

The item parameters of Samejima’s (1969, 1996) GRM were estimated
for each 7-point Likert item used in this study. The GRM is a potentially
useful item response model when item response options can be conceptu-
alized as ordered categories (e.g., with Likert-type rating scales). Sameji-
ma’s model is an extension of the 2PLM for dichotomous item responses
discussed previously.

Within the GRM framework, an item response scale is conceptualized as
a series of m — 1 response dichotomies, where m represents the number of
response options for a given item. Thus, an item rated on a 1-to-4 scale has
three response dichotomies: (a) Category 1 versus Categories 2, 3, and 4;
(b) Categories 1 and 2 versus Categories 3 and 4; and (c) Categories 1, 2,
and 3 versus-Category 4. In now classic work, Samejima (1969) showed
that when an item, i, is conceptualized as a series of ordered dichotomous
response options, the 2PLM can be generalized to estimate the response
option probabilities. For instance, Samejima’s model considers the proba-
bility of endorsing each response option category, x;, or higher as a function
of a latent trait [P (6,)]. For the hypothetical 4-point item, we can generate
three ICCs.®> The response option difficulty represents the point on the
latent trait continuum where there is a 50% chance of endorsing the x; or
higher response option. In this sense, the response option difficulty repre-
sents a between-option “threshold” parameter. For each item, the number
of threshold values equals the number of response dichotomies (m — 1). In
the GRM, each item has a single discrimination («) value for all response
options.

The ICCs for each response dichotomy can be used to calculate the
probability of endorsing a particular response option, x;, as a function of the
latent trait. These probability functions are known as category response
curves (CRCs; Embretson & Reise, in press). Once the ICCs for each
response dichotomy are known, the CRC for a particular response option,
X;, is given by the following equation:

P:}(ex) = ij(ei) - ij+1(9i), 3

where P,(6) is the probability of endorsing option x; or higher and
P,;+1(8,) is the probability of endorsing the next highest option, x; + 1, or
higher. The probability of endorsing the lowest response category or higher
[P,(6)), in this example] is 1.00, by definition. Similarly, the probability of
endorsing category m + 1 [P5;(8)), in this example] or higher is necessar-
ily 0.00 because this response option does not exist. Thus, with a 4-point
scale, the four possible CRCs are given by the following:

PT;(G.) = P1j(9i) - P2j(0i)’
Ptj(ei) = PZj(ei) - st(ei),

and ng(ei) = P3j(6i) - P4j(9i)a

Ptj(rei) = P4j(9i) - Ps_,‘(ei),

where P,;(6,) = 1.00 and P5;(6,) = 0.00.

To better illustrate these points, several example ICCs and CRCs for a
4-point item that fits the GRM are given in Panels A and B of Figure 3. The
example item has a discrimination value of 1.5 and difficulty or threshold
values of —1.50, 0.00, and 1.50. Notice that in the GRM, in contrast to the
2PLM discussed previously, the CRCs are not necessarily monotonically
increasing functions of the latent trait values. For example, as illustrated in
Panel B of the figure, the probability of endorsing Response Option 2 (or
3) increases as one moves from the low to the mid-range of the trait

distribution, at which point the probability begins to decrease. As with
dichotomous items, item information functions can be generated for graded
response items. Equations for the GRM information functions are provided
in Samejima (1969, Equation 6-6, p. 39).

In the GRM, as in the 2PLM, scale information is obtained by
summing the item information functions. Similarly, the conditional
standard error of measurement for a given trait value equals the inverse
square root of the information level at that theta value. Item information
and standard error functions for our example 4-point item are illustrated
in Panels C and D, respectively, of Figure 3. As can be seen in these
panels, this item does a relatively good job at distributing its precision
equally across trait regions between —1.5 and +1.5. The overall degree
of precision is rather low, however, because we are considering only a
single item.

Results

Estimating GRM Item Parameters for Existing
Attachment Scales

Our first objective was to determine the psychometric prop-
erties of the 12 scales from four well-known attachment inven-
tories—the ECR, AAS, RSQ, and the Simpson inventory (Bren-
nan et al., 1998; Collins & Read, 1990; Griffin & Bartholomew,
1994; Simpson, 1990) from an IRT perspective. To achieve this
goal, we estimated GRM item parameters for all items within
each subscale of the four inventories (85 items total). All IRT
analyses were conducted with Multilog Version 6.0 (Thissen,
1991), a program designed to estimate a wide variety of item
response models. We estimated seven parameters for each item:
one item-discrimination value and six item-difficulty or
between-category threshold values.

A testable assumption of the GRM is that item covariation
arises predominantly from a single underlying dimension (i.e.,
the unidimensionality assumption). A common way to test this
assumption is to examine the ordered eigenvalues from the item
correlation matrix (see Hambleton et al., 1991, chap. 5). When
the unidimensionality assumption is tenable for a subscale, the
first eigenvalue should be considerably larger than the remain-
ing eigenvalues. A dominant first dimension was found for all
scales except Griffin and Bartholomew’s (1994) Secure and
Preoccupied scales. These scales have only four to five items
each; thus, these findings are not unexpected. (A table of
ordered eigenvalues is available upon request from the authors.)

There are many methods for assessing model-data fit in an
IRT analysis (Drasgow, Levine, Tsien, Williams, & Mead,
1995). For our analyses, we focused on two useful methods: (a)
item residual plots (Hambleton et al., 1991, chap. 5) and stan-
dardized weighted mean squares of the item residuals (Wright
& Masters, 1982, chap. 5). Item residual plots provide a visual
depiction of the discrepancies between the predicted response
frequencies for each response category, given the estimated
model, and the observed response frequencies for each cate-

? We have retained the acronym ICC in order to remind the reader that
these probability functions are calculated from the 2PLM discussed pre-
viously. However, it is important to keep in mind that these curves are not
item characteristic curves per se in the context of the GRM because several
such curves exist for each response dichotomy within an item.
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gory. We constructed item residual plots for the 85 items in this
analysis and inspected them for signs of model misfit. Virtually
all of the items showed evidence of good fit. We also examined
the standardized weighted mean squares of the item residuals
based on a method described by Wright and Masters (1982, p.
100). In short, this method allows one to compute a quantitative
index of the discrepancy between the observed responses and
the model implied responses. These discrepancies are standard-
ized and weighted as a function of the variances of the expected
response probabilities. An examination of these indexes indi-
cated that all of the items showed evidence of good fit.
Figure 4 displays the test information functions for the 12
attachment scales. As can be seen in these plots, most of the curves
are relatively low. This indicates that the overall degree of mea-
surement precision for these scales is also relatively low. Despite
this limitation, most of the scales have relatively uniform mea-
surement precision across wide regions of their respective trait
ranges. A noteworthy exception to this general pattern is found in
the “secure” region of the scales. Specifically, the scales are less

precise for measuring individuals with theta levels falling
above 1.00 on scales keyed toward security (e.g., the AAS Close
scale) and below —1.00 on scales keyed toward insecurity (e.g.,
Simpson’s Avoidant scale). Perhaps the most striking feature of
these plots is the relatively greater degree of measurement preci-
sion provided by the ECR scales (shown in the upper leftmost
panels of the figure).

Using IRT to Construct Attachment Scales With Improved
Psychometric Properties

In the aforementioned analyses, we found that the ECR scales
had test information functions that were clearly higher than those
of the other attachment scales. This observation suggests that they
may be preferable to the alternatives. However, it may be possible
to construct better scales for measuring Anxiety and Avoidance by
using IRT techniques. Recall that the ECR scales, like the other
scales, were unable to assess the secure end of each dimension
with the same degree of fidelity as the insecure end. By explicitly
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studying the item difficulty or threshold values, especially those
falling on the low end of the trait range (i.e., the 3, values), we
may be able to construct scales that assess the low end of each
attachment dimension with the same degree of precision as the
middle to high end. Furthermore, by attending to item discrimina-
tion values, it should be possible to create scales that have more
precision than the original ECR scales—without increasing the
number of scale items.

To explore these possibilities, we turned our attention to the
complete pool of 323 items collected by Brennan et al. (1998).
This diverse data set is well suited for exploring variation in item
properties because it contains a wide array of items drawn from
various theoretical approaches to attachment. To identify the pur-
est markers for Anxiety and Avoidance, the theoretical dimensions
that the ECR is designed to capture (see Brennan et al., 1998;
Crowell et al., 1999), we performed a principal-axis factor analysis
on 30 clusters of homogeneous items derived from a cluster
analysis of the full 323 item pool. There are two advantages to
factoring clusters of items rather than individual items. First,
individual items are less reliable than item clusters. Second, in a
factor analysis, factors are partly defined by the number of items
representing each factor domain. Because there is some degree of
variability in the theoretical orientation of the various scales and,
hence, in the number of items contained in each inventory, a factor
analysis of individual items might give differential weight to the
theoretical constructs embodied by longer inventories. By aggre-
gating responses to homogeneous items in a single index, the
resulting factors are more likely to be defined by theoretical
content rather than item frequency.

We clustered the 323 items using the Partitioning Around
Medoids (PAM) clustering algorithm (see Kaufman & Rous-
seeuw, 1990, chapter 2) that is included in the S-Plus program-
ming language (MathSoft, 1999). Like the more familiar
k-means clustering procedure (Hartigan & Wong, 1979), PAM
allows the user to select the desired number of clusters. How-
ever, unlike k-means clustering, PAM is a robust technique that
does not require user-selected starting values. After examining
a wide range of cluster numbers (i.e., 20-32 clusters), we
concluded that a 30-cluster solution provided the best partition-
ing of items for our purposes. Specifically, each cluster con-
tained a set of conceptually tight items that we judged to be
sufficiently different in content from the remaining clusters.
The content of the 30 clusters can be succinctly summarized by
the following cluster labels: (1) anxiety about abandonment, (2)
fear of intimacy, (3) no anxiety about abandonment, (4) desire
to merge, (5) I drive others away, (6) dependency/preoccupa-
tion, (7) don’t depend on others or express emotions, (8) fear of
rejection/relationships are risky, (9) I prefer distance, (10)
open communication, (11) I'm important, (12) I can’t trust
others, (13) dismissing, (14) I value independence, (15) I fear
disapproval, (16) anger/frustration, (17) partner not sensitive,
(18) can’t depend, (19) desire to be closer, (20) partner unpre-
dictable, (21) values achievement, (22) easy to be close, (23)
partner available, (24) ambivalence, (25) I want to be nearby
my partner, (26) I'm not lovable, (27) I'm lovable, (28) preoc-
cupied, (29) people are good, and (30) partner is sensitive. We
created cluster scores for each of the 30 clusters by averaging
peoples’ responses to the items within each cluster.

We next conducted a principal-axis factor analysis on the 30

- cluster scores, followed by varimax rotation. Because we were

seeking to construct improved scales for assessing the dimensions -
of Anxiety and Avoidance, we examined the first 2 factors of a
3-factor solution.* Interestingly, inspection of the factor pattern
matrix revealed that the clusters tended to fall along the perimeter
of a hypothetical circle. To illustrate this characteristic of the
solution, we have plotted the location of the 30 clusters in the
2-dimensional factor space in Figure 5. The circular pattern of
factor loadings indicates that there is no simple structure in the
data, and, consequently, that the particular rotation obtained by
varimax is arbitrary. Although the transformation did find a rota-
tion that maximized the varimax criterion (i.e., the sum of the
variance of the squared factor loadings across factors), the differ-
ences between the sums obtained by the varimax rotation and other
possible rotations were negligible. Therefore, guided by theoretical
considerations (Brennan et al., 1998), we manually rotated the axes
counterclockwise 70 degrees such that the first factor was aligned
with clusters focused on attachment-related anxiety (e.g., separa-
tion and rejection anxiety), and the second factor was aligned with
clusters representing avoidance (see Figure 5). After rotating the
axes to these theoretical targets, we used the rotated factor loadings
to generate weighted least squares factor score estimates for each
individual.

To obtain independent markers of each dimension for the IRT
analyses, we selected items that correlated higher than .40 with
scores on one factor (e.g., Avoidance) and less than .25 with scores
on the other factor (e.g., Anxiety). Sixty-seven items met this
criterion for Anxiety; 78 items met this criterion for Avoidance.
Because many of the items overlapped considerably with respect
to item content, we removed items that we judged to be blatantly
redundant. As a result, 40 items remained for Anxiety and 50 for
Avoidance.

GRM item-parameters items were estimated separately for
the 40 Anxiety items and the 50 Avoidance items. The unidi-
mensionality assumption for each item set appeared warranted:
The ordering of the first three eigenvalues for the Anxiety items
was 12.13, 2.10, and 1.99; the ordering of the first three
eigenvalues for the Avoidance items was 17.20, 2.85, and 1.99.
An examination of item residual plots and standardized
weighted mean squares of the item residuals indicated that the
item responses were well modeled by the GRM, with the
exception of 1 Anxiety item. Thus, we removed this item from
the pool and reestimated the parameters for the remaining 39
Anxiety items.

Recall that our primary goal was to construct scales for assess-
ing Anxiety and Avoidance that would possess both a high and
uniform degree of information. Unfortunately, the IRT analyses
revealed that our item pool did not contain many items capable of
assessing the low end of the Anxiety and Avoidance dimensions
well. The median 8, value, for example, was —1.67 for Anxiety
and —1.86 for the Avoidance items. Furthermore, the items that
did have low B, values tended to have low discrimination values

“ As discussed by Wood, Tataryn, and Gorsuch (1996), it is desirable to
extract one factor greater than the hypothesized number of factors to reduce
error in the estimated factor loadings of interest.
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Figure 5. Factor loading plot for the 30 attachment clusters.

as well (the correlation between « and B3, was .59 for the Anxiety
items and .68 for the Avoidance items). In ether words, the
properties of the items in the item pool prevented us from creating
scales that simultaneously covered a wide trait range and had a
high degree of precision. Given this constraint, we decided to
select items on the basis of their discrimination values alone. For
each scale, we chose the 18 items with the highest discrimination
values. Thirteen of the 18 Anxiety items (72%) were in the original
ECR Anxiety scale. Seven of the 18 Avoidance items (39%) were
in the original ECR Avoidance scale. Because there is some degree
of overlap between the new items and the original ECR items, we
refer to these two new 18-item scales as the Experiences in Close
Relationships Questionnaire—Revised (ECR-R). The ECR-R
items and their estimated parameters are presented in Tables 2
and 3.

The test information functions for the two ECR-R scales are
illustrated in Figure 6.° For comparison, we have superimposed the
test information functions for the original ECR scales. Notice that
the items selected on the basis of IRT techniques contain a sub-
stantially higher degree of information than the original scales. In
fact, the TIC for the revised Anxiety scale is almost twice as high
as the TIC for the original Anxiety scale. However, also notice that

the two ECR-R scales, like the original ECR scales, are not adept
at assessing individuals with trait levels less than —1.00 on Anx-
iety or Avoidance.

Although these scales improve on the original ECR scales, we
believe that there are some limitations to the ECR-R that need to
be made explicit. First, the ECR-R scales, like the other attach-
ment scales examined here, assess high levels of security (i.e., low
Anxiety and low Avoidance) with considerably less precision than
insecurity. Ultimately, this stems from a limitation of the original
item pool from which these scales were constructed. Items repre-
sented in existing attachment inventories apparently do not assess
security with the same degree of fidelity as insecurity. An impor-
tant next step for future research on scale development is to write
items that tap the low ends of the Anxiety and Avoidance dimen-
sions with better precision.

3By choosing items with the highest discrimination values, we are
inevitably capitalizing on estimation error. It is likely that the information
curves for these items would be somewhat smaller if the items were
recalibrated in a new sample.
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Table 2
Item Response Theory Item Parameter Estimates for the 18-Item Experiences in Close Relationships Questionnaire—
Revised (ECR-R) Subscale of Anxiety

361

Item parameter estimates

Item Anxiety items a By B B B Bs Bs
168  Pm afraid that I will lose my partner’s love. 279 -112  -0.39 0.00 045 108 170
57 1 often worry that my partner will not want to stay with me. 233 -138 -052 -012 041 115 185
1 I often worry that my partner doesn’t really love me. 221 -1.07 021 025 082 153 211
83 I worry that romantic partners won’t care about me as much as I care about 210 -164 —076 —-039 019 093 1.80
them.
110 I often wish that my partner’s feelings for me were as strong as my feelings for 198 -—132 057 -029 028 086 158
him or her.
245 1 worry a lot about my relationships. 193 -171 -073 -020 036 100 175
226  When my partner is out of sight, I worry that he or she might become interested 1.87 —136 —045 004 050 132 205
in someone else.
142 When I show my feelings for romantic partners, I'm afraid they will not feel the * 1.74 —185 —0.89 —040 0.16 090 1.80
same about me.
191 I rarely worry about my partner leaving me. 1.50 -—1.86 —0.67 -006 060 129 226
208 My romantic partner makes me doubt myself. 149  -0.72 0.35 0.87 168 243 3.62
82 I do not often worry about being abandoned. 136 -169 —045 0.11 073 142 222
74 I find that my partner(s) don’t want to get as close as I would like. 136 -138 —0.29 0.16 107 196 299
112 Sometimes romantic partners change their feelings about me for no apparent 135 -131 -0.18 030 102 173 259
reason.
89 My desire to be very close sometimes scares people away. 135 —0.90 0.11 050 109 191 281
78  I'm afraid that once a romantic partner gets to know me, he or she won’t like 132 -097 0.10 052 100 165 261
who I really am.
99 It makes me mad that I don’t get the affection and support I need from my 132 -—-152 —045 003 079 1.74 269
partner.
280 I worry that I won’t measure up to other people. 124 -191 -071 -029 033 118 225
87 My partner only seems to notice me when I’'m angry. 124 —-045 0.83 140 217 286 353
Note. Items are sorted by their discrimination (a) values.
Table 3
Item Response Theory Item Parameter Estimates for the 18-Item Experiences in Close Relationships Questionnaire—
Revised (ECR-R) Attachment Subscale of Avoidance
Item parameter estimates
Item Avoidance items @ B, B- B B Bs Be
199 I prefer not to show a partner how I feel deep down. 2.28 —1.22 —0.35 0.06 0.57 1.09 1.84
131 I feel comfortable sharing my private thoughts and feelings with my partner. 2.17 -0.84 0.07 0.63 1.15 1.66  2.28
59 I find it difficult to allow myself to depend on romantic partners. 2.08 —-1.76 —-0.73 -0.19 032 097 1.92
265 I am very comfortable being close to romantic partners. 2.03 —1.30 —0.26 0.43 1.06 1.64 258
171 I don’t feel comfortable opening up to romantic partners. 2.00 -1.32 -0.32 026 079 1.41 2.32
267 I prefer not to be too close to romantic partners. 1.95 -1.33 -0.21 0.44 1.12 1.64 248
201 I get uncomfortable when a romantic partner wants to be very close. 1.94 -1.19 -0.31 020 074 1.25 201
36 I find it relatively easy to get close to my partner. 1.93 —-1.23 —0.26 042 097 1.56 244
279 It’s not difficult for me to get close to my partner. 1.89 —1.42 —0.37 022 0.76 134 220
119 I usually discuss my problems and concerns with my partner. 1.88 -1.07 —0.04 0.81 144 215 3.6
238 It helps to turn to my romantic partner in times of need. 1.86 —-1.19 —0.08 0.84 1.60 222 3.04
14 I tell my partner just about everything. 1.85 -1.05 -0.12 0.45 1.01 1.62 248
294 I talk things over with my partner. 1.84 -0.89 0.09 0.84 1.51 2.11 2.83
105 I am nervous when partners get too close to me. 1.84 —1.34 —0.36 0.14  0.68 134 228
242 I feel comfortable depending on romantic partners. 1.74 -2.06 —1.01 -0.11  0.57 1.21 2.12
220 I find it easy to depend on romantic partners. 1.65 -2.18 -1.05 -020 0.55 1.17 205
300  It's easy for me to be affectionate with my partner. 1.63  —0.95 0.05 0.61 .20 191  2.89
228 My partner really understands me and my needs. 1.60 -1.77 -0.71 0.26 1.16 190 2.86

Note.

Items are sorted by their discrimination (a) values.
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Figure 6. Test information curves for the ECR-R Anxiety and Avoidance scales and the original ECR Anxiety

and Avoidance scales.

A second limitation of the ECR-R is that many of the items are
conceptually redundant, despite our attempt to prune obviously
redundant items from the item pool. Although we believe that there
are benefits to probing at certain traits repeatedly to obtain max-
imally precise measurements, it is desirable to do so by focusing
on diverse manifestations of those traits rather than highly specific
manifestations of those traits. Again, solving this problem will
require the construction of items that are more diverse than those
in the current item pool. In the meantime, investigators can easily
modify the ECR-R scales by removing what they believe to be
undesirable or redundant items. The information properties for
modified scales can be assessed easily by plugging the item
parameter estimates in Tables 2 and 3 into the equations provided
by Samejima (1969, p. 39).

Discussion

Our primary objective in this article was to determine whether
existing multi-item self-report measures of adult attachment have
the kinds of properties necessary for investigating the theoretical
issues typically addressed in attachment research. As we have
shown, three of four widely used inventories exhibit undesirable
features from an IRT perspective. Specifically, they have a rela-
tively low degree of measurement precision, and, in some cases,
they do a poor job of representing the trait continuum with equiv-
alent levels of fidelity. Of the four inventories that we examined,
the ECR scales had the best psychometric properties. Nevertheless,
we found that the ECR could be improved by using IRT to select

items with optimal psychometric properties. By doing so, we were
able to create scales that increased measurement precision by 50%
to 100%—without increasing the total number of items.

Do Existing Multi-Item Attachment Inventories Possess
Psychometric Properties That Obscure the Interpretation
of Data?

We began this article by discussing several ways in which
scaling techniques based on traditional methods can produce arti-
facts that obscure the interpretation of data. It seems appropriate to
readdress these issues in light of what we have learned from our
IRT analyses. Because these scales contained less measurement
precision for highly secure people (i.e., the information functions
were not uniform across the trait range), estimates of continuity
and differential trait stability may be adversely affected.

To evaluate this possibility, we incorporated the item parameter
estimates derived from our IRT analyses of the attachment scales
into a series of simulations similar to those discussed previously.
(See the section titled Advantages of IRT Over Classical Scaling
Methods.) To examine effects of these parameters on test-retest
stability, we simulated item responses for each attachment sub-
scale for two time points. For simplicity, the correlation between
Time 1 and Time 2 latent trait levels was set to 1.00 (i.e., perfect
stability). Item responses for 200 people were generated for two
kinds of scales. The first kind of scale used items with parameters
identical to those estimated previously in this article. For example,
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Table 4

Simulation Results Concerning the Differential Stability of Attachment

for Latent and Observed Scores

Test-retest correlation

Differential stability correlation

Scale based on
well-distributed

Scale based on
actual item

Correlation between
change in observed
scores and Time 1

Correlation between
change in latent trait
levels and Time 1 latent

Scale and subscale  item parameters parameters trait levels latent trait levels
ECR

Anxiety 91 .94 -.58 —-.13

Avoidance 90 ' 91 —-.58 -.18
AAS

Depend .80 82 .58 29

Anxiety .68 .76 -.58 —.02

Close 78 .82 .58 32
RSQ

Secure 47 .58 .58 .16

Fearful 77 .78 —.58 .00

Preoccupied 44 .56 —.58 -.06

Dismissing .57 .66 .58 17
Simpson inventory

Secure .63 .70 .58 25

Avoidant 73 76 ~.58 .06

Anxious 75 75 -.58 .05
ECR-R

Anxiety 93 .94 -.58 -.23

Avoidance 95 .95 -.58 -.19

Note. The results for each scale are averages from 100 simulations. For each simulation, latent trait values were
keyed such that highly insecure people were more stable than less anxious people. ECR = Experiences in Close
Relationships Questionnaire; AAS = Adult Attachment Scale; RSQ = Relationship Styles Questionnaire;
ECR-R = Experiences in Close Relationships Questionnaire—Revised.

we simulated item responses to the AAS Close scale by using the
item parameter estimates obtained for that scale in our prior
analyses. The second kind of scale used items with the same
discrimination values, but with well-distributed difficulty values
(the difficulty values within an item were evenly spaced between
—3.00 and 3.00). The results of these simulations are summarized
in Table 4. Notice that for almost every attachment scale, test—
retest estimates of continuity are higher for scales based on the
estimated difficulty values than scales based on evenly spaced
difficulty values. In other words, the relative imprecision of mea-
surement for highly secure individuals is sufficient to artificially
inflate the observed degree of continuity. It is noteworthy that the
subscales of the ECR and the ECR-R are the least susceptible to
this problem.

Davila et al. (1997) observed that highly anxious individuals
were less stable in their attachment patterns over time than people
who were not anxious. As we suggested previously, this finding
could be the result of differential measurement precision across the
latent continuum of anxiety. To determine whether the degree of
differential measurement precision present in existing attachment
scales poses problems for studying differential stability, we con-
ducted a simulation similar to the one we discussed in the section
Advantages of IRT Over Classical Scaling Methods. Specifically,
we generated latent trait values representing attachment security
for 200 people across two time points. People with latent security
levels greater than zero at Time 1 did not change at Time 2 (i.e.,
they were perfectly stable). For people with trait levels less than

zero at Time 1, Time 2 trait levels were constructed to correlate .50
with their Time 1 trait levels. Thus, people high on the trait
exhibited perfect stability, whereas people low on the trait exhib-
ited considerable change. (We reversed this pattern for scales
keyed in the “secure” direction. For example, for the latent trait of
Secure measured by Simpson’s scale, people with high latent trait
levels exhibited considerable change, whereas people with low
secure levels were perfectly stable.)

Item responses for each scale were generated at each time point
using the item parameters estimated previously (see Tables 2 and
3). We created an index of differential stability in the observed
scores by correlating the absolute difference between Time 1 and
Time 2 total scores with Time 1 latent trait levels. Thus, positive
correlations indicate that people high on the latent trait at Time 1
exhibited more absolute change in their observed scores from
Time 1 and Time 2 than people low on the latent trait at Time 1.
Negative correlations indicate that people high on the latent trait at
Time 1 exhibited more stability in their observed scores.

As can be seen in Table 4, most of the attachment scales we
examined accurately revealed that people high in security were
more stable than insecure people. However, the ability of these
scales to detect this pattern was limited, especially for the shorter
scales (e.g., AAS). Simpson’s Avoidant and Anxious scales actu-
ally exhibited a pattern of differential stability opposite to that
observed at the latent trait level. On the basis of these observations,
we suggest that empirical evidence for the differential instability of
anxious attachment (Davila et al., 1997) should be reconsidered. If
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differential stability in anxious attachment exists, previously used
scales are not able to detect it unambiguously.®

A couple of caveats are in order. First, we believe the ECR-R
can be improved in a number of ways. For example, most of the
items for measuring latent anxiety are worded in a trait-positive
direction. Future research should focus on developing items that
are worded in the trait-opposite direction (i.e., reverse keyed).
Also, future research should aim to develop more discriminating
items in the secure region of the two-dimensional space. More
items are needed to measure the low ends of the Anxiety and
Avoidance dimensions.

Second, although we have emphasized the advantages of IRT, it
is worth noting that there are several practical and theoretical
limitations to IRT that do not apply to classical test theory
(Hambleton & Jones, 1993). Unlike classical test theory, many
IRT models assume that the construct being measured is unidi-
mensional. Although measurement efforts in personality typically
focus on assessing theoretically distinct dimensions, several per-
sonality constructs are inherently multidimensional (e.g., self mon-
itoring). Second, because IRT is a model-based approach to as-
sessment, goodness-of-fit analyses are necessary to ensure that the
model provides an adequate fit to the data. Such analyses are not
necessary within a classical test theory framework. Finally, math-
ematical analyses of item characteristics are more tractable within
a classical test theory framework, and mathematical tools and
software for such analyses are easily accessible.

Attachment researchers and personality psychologists more gen-
erally seek to understand the nature of social and personality
development. However, as we have shown in this article, it is
difficult to characterize the developmental properties of latent
variables accurately without specifying the response properties of
those variables. Classical test methods can yield scales with un-
desirable response properties that, in turn, can generate misleading
inferences concerning individual differences in trait stability and
change. We hope that our analyses convince others of the limita-
tions of classical test theory for investigating theoretical issues in
the field of adult attachment and the broader fields of personality
and social psychology.

$ 1t should be noted that Davila et al. (1997) used a single-item rating of
anxious attachment rather than a multi-item scale in their research.
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