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The personsituation debate has made clear that nol only errors of measurement but also siluational effacts
and effects of the interaction between persons and situations conlaminale psychological assessments of
traits. In this poper, a solution 1o this problem is proposed. Supplementing froditional ANOVA methods for
experimental person-situclion research, our opproach is applicable in purely observational studies. It is
based on a general theory defining {o] states and traits, ond (b) consistency, occasion specificity, reliability,
and slability coefficients. This theory relies on two decompositions: (o) the decomposition of any observed
score info a lolent state ond o measurement error component, and {b} the decomposition of any latent siate
info a lalent trait and a latent siale residuol. This conceplualizes more precisely the widely accepted view
thot mos! psychological afiributes have both stote and Irait components. Several sels of .assumptions are
presented which lead 1o different simullaneous equolion models. States and frails ore simullaneously rep-

- resenled as latent varicbles in these models. Examples from research on anxiely and coping illustrate how

lo eslimate paramelers, test hypotheses, and evaluate model fit by widely used compuler programs.

The description and expl:;nalion of stability and"

change in human behavior are basic tasks of psycho-
logical theory and psychological assessment. Any
psychological attribute may be described with re-
spect to ar least two sources of variability: (a) inter-

individual differences and (b) intraindividual differ- -

ences (or changes). Traditional disciplines of psy-
chology are interested primarily in only one of these
sources of behavioral variability (Cronbach, 1957).
Differential Psychology focusses on the variability
between persons, i.e., interindividual differences.
General Psychology (e. g., learning, perception), So-
cial Psychology, and (General) Developmental Psy-
chology aim at the description and explanation of
behavioral differences between situations and
times, i. ., intraindividual variability. Each of these
perspectives considers other sources of variance less
important or less interesting for the explanation of
behavior. ;

The emphasis on only one particular source of be-
havioral variability is evidenced by the different re-
scarch designs chosen and assessment strategies
used. Trait theorists, on one side, are advised to ob-
serve the same individuals at several occasions in
order 1o reduce occasion specific variation (due to
situational-differences) in psychological measures
via apgregation. Situationists, on the other side, try
to maximize hehavioral variance determined by sit-
uations via experimental manipulation.

The shortcomings of cach of these perspectives
(Cronbach, 1975) are obvious and have led scholars
Lo develop conceptual modcls, research designs, and

assessment strategies that incorporate more than
one factor of behavioral variability (e. g., Buss, 197%:
Cattell, 1966; Ozcr, 1986). Modern Interactionism
(cf. Bowers, 1973; Endlcr & Hunt, 1966; Sarason.
Smith, & Diener, 1975) as well as rescarch on apti-
tude-treatment interactions (ec.g., Cronbach &
Snow, 1977), for instance, have used ANOVA de-
signs to investigate how much of behavioral varia-
bility is due (a) to individual dilfcrences, (b) to dif-
ferences between situations, and (c) to interactions
between persons, situalions, and responsc modcs.

State-trait theories address the same kind of
questions (Cattell, Cattell, & Rhymer 1947; Cattell
& Scheier, 1961). Just like interactionists, statc-trait
theorists acknowledge the existence of stable in-
dividual differences and intraindivual changes in
psychological attributes. Research on the state-Liait
distinction has aimed at demonstrating that state
measures are less stable than trait measures al-
though their reliabilitics do not differ (Zuckerman.
1983).

If we concede that each ohserved psychological
attribute is affccted to some degree by charactern-
tics of the individual, situational and/or interac-
tional influences, as well as measurement erros, we
implicitly decompose an observed measurement
into:

1. a component that is free of situational and/or in-
tevactional effects, -

2. a situational and/or interactional component, s

3. a measurement error. -
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We suggest Lo call the first component the “trajt”
and the sum of (1) and (2) the “state”. One might
prefer other names for this distinction, but the dis-
tinction itself is necessary as soon as we accept the
existence of situational and/or interactional effects.

The existence of situational andfor interactional
effects on any kind ol behavior has important impli-
cations for psychological assessment. The develop-
ment and application of measurement instruments
requires knowledge not only about their reliability
but also about the extent to which they measure
stable characteristics of the person, i.e.. traits, and
transient effects of the situational and organismic
context in which the measure is taken. Trait mea-
sures should be affected as little as possible by oc-
casion-specific elfects, whercas state measures
should be as sensitive as possible to such transient
influences. ‘

Traditional Approaches to the
State-Trait Distinction

Operational Approaches .

Let us consider Spielberger's (.g., 1972) proposal
for the assessment of states and Lraits. Spiclberger
(1972, p. 31) gives the following characterizations of
states and traits:

“Personality states may be regarded as temporal
cross sections in the stream-of-life of a person
(Thorne, 1966). A personality state exists at a given
moment of lime, and at a particular level of inten-
sity. Although personality states are often transi-
tory, they can recur when evoked by appropriate
stimuli, and they may endure over lime when the
evoking conditions persist. Emotional reactions
may be viewed as expressions of personality states.
... Incontrast to the Lransitory nature of personality
states, personality traits may be conceptualized as
relatively enduring individual differenccs among
people in speciliable tendencies to perceive the
world in a certain way and/or in dispositions to react
or behave in a specified manner wilh predictable
regularity. ... The stronger a particular personality
trait, the more probable it is that an individual will
experience the emotional state that corresponds 10
this trait, and the greater the probability that be-
haviors assaciated with the trait will be manilested
in a variety of situations.”

In order to relate these theoretical ideas to em-
pirical research, Spiclberger operationalizes states
and traits simply by using different instructions in
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his questionnaires: For the measurement of states
people are asked to rate how they feel “right now™,
whereas for the assessment of traits people have to
rate how they feel “in general”. Yet how can we
know that this instruction works, i.e., how can we
know that there are no situational effects on the an-
swers to the items in the trait inventory? And, if
there are situational effects, what is the relation be-
tween the scores on the trait scales and the trait it-
self? And conversely, how much, if at all, do the
state measures depend on the trait? What is the re-
lation between states and traits?

Autocorrelational Approaches

A common solution for answering these questions
is to investigate empirically the longitudinal stability
of the scale scores of state-trait questionnaires. A
sophisticated version of this strategy has been pre-
sented by Herizog and Nesselroade (1987). Their
approach is based on latent variable simultaneous
equation modeling. ’ :

Hertzog and Nesselroade characterize traits as
“attributes of individuals that are relatively stable
across occasions. States, on the other hand, com-
prise attributes of individuals that are relatively
changeable in nature™ (p.95). Traits, “because of
their putative stability, are potentially useful for the
purpose of discriminating between one individual
and another without having to consider intrain-
dividual change™ (p.95).

This formulation suggests that a trait is defined
such that each individual is assigned one and only
one value with respect to this trait, the individual's
trait score. Strictly taken, this would imply perfect
stability of traits across occasions of measurement.
However, Hertzog and Nesselroade allow for
changes in a trait by stating that it “will remain the
same unless and until organismic or environmental
influences act to change it” {p.95).

States, according to Hertzog and Nesselroade
“most commonly represent dimensions of intrain-
dividual change and serve to discriminate one time
o situation in the life of a person from another”
(p.95)- This suggests that cach individual is assigned
one value for each occasion with respect to the at-
tribute considered. Since change between occasions
is not excluded for traits, however, the question
arises what makes the dilferences between changing
traits and states. Is there only a gradual difference
between these two concepts? And if so, where is the
cut-point?

Hertzog and Nesselroade's opinion on this pro-
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blem reads: “Generally it is certainly the case that
most psychological attributes will neither be, strictly
speaking, traits or states. That is, attributes can have
both trait and state components™ {p.95). We believe
that this is a core issue in, the state-trait distinction.
However, the postulate that each psychological at-
tribute comprises of both trait and state components
does not show up in the statistical models suggested
by Hertzog and Nesselroade. Their solution for the
distinction of traits and states relies on the size of
the autocorrelations of lalent (rait and latent state
variables: they are expected to be high in the case
of traits and low in the case of states. Again, we are
confronted with the problem where to set a cutpoint
that splits autocorrelations into high and low, and
latent variables into traits and slates, respectively.

Although we share the intuitions about the state-
trait distinction reviewed above, we aim at elaborat-
ing a more precise definition of states and traits. The
distinction we propose more closely relates theory
to empirical data and incorporates the basic idea
that each psychological attribute comprises both,
trait and state components. :

The organisation of this paper is as follows: First,
we present a general definition of states and traits
and describe their relations to the coefficients of
consistency, occasion specilicity, and reliability. In
the second part, assumptions are introduced that
lead to special simultaneous cquations models. In
the third and last part, these models are illustrated
by empirical examples {rom rescarch on anxiety and
coping.

General Latent State-Trait Theory

It will be useful to introduce General Latent State-
Trait Theory (General LST Theory) with a brief re-
view of the bhasic concepts of Classical Test Theory
(CTT). An appropriate gencralization of CTT will
then be developed which allows to unambiguously
define latent state and trait variables. The variances
and covariances of the latent state and trait varia-
bles will then be reiated to concepts such as con-
sistency, occasion specificity, reliability, and stabil-
ity. Note that we do not introduce any assumptions
in this section. Instead we only present a conceptual
framework (or “architecture”™) which systematicaily
relates to each other the concepts mentioned above.
This means that the concepts and their properties
presented in this section “cannot be disproved by
any set of data™ (Lord, 1980, p.6). Hence, the appli-
cability of these concepts is not conditional on the

81
validity of any assumptions (except for the trivial
and nonrestrictive assumption that the variances of
the ohserved Y variables are finite and greater than
2er0).

Basic Concepts of Classical Test
Theory

In Classical Test Theory (Guiliksen, 1950; Lord &
Novick, 1968; Zimmerman, 1975) we consider the
following type of random experiments: A unit u
(e.g., a person) is drawn from a set U of obser-
vational units and the values of u with respect to sev-
eral attributes (e. g., answers to items of a question-
naire) are observed. Hence, the set of possible out-
comes of this kind of random experiment is:

Q=UxM, i (¢)]

where M might be a product set @, x ... x Q,,, (or
instance, representing the possible results of an-
swering the m items of a questionnaire (for more
details, see Steyer, 1989). Furthermore, there arc
numerical random variables ¥ Q — R,i=1,..., m.
(e.g.. the test score variables) and the mapping
pu: @ = U, the values of which are the obscr-
vational units u € U {e.g., persons).

The truescore variables v,i = 1,...,m are defined

7= E(Y | pu). @

where E(Y,Ip,) denotes the conditional expecta-
tions (see, e.g., Bauer, 1981, p.312, or Feller, 1971,
p-164) of the variable Y, given py. The values of
E(Y,ipy) are the conditional expectcd values
E(Y,1 py=u) or the true scores of the obscrvational
units (persons) u. The error variables ¢, i = 1. ....
m, are delined

€= Y- E(Ylpy),

and the re(iabiliry coefficients Rel(Y,), i = 1,....m.
Rel(Y) == Var|E(Y, | pp)Var(¥,) = Var(s JIVar(¥,)(4)
The definitions of the true score variables and error

variables above imply ~ among others - the follow-
ing equations forf,j=1,... . m:

Vizu+e, )
E(e) =0, (6
E(epy) =0, : &)
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E(e, 1) =0, ®
.  Cor(rg) =0, 1 )
Var(¥,) = Var(y) + Var(e,), (10)

. (see Steyer, 1989, or Zimmerman, 1975, for a more

complete list ol properties of the error variables).
Noncorrelation of the error variables, Cov(e, €) =
0,i » j, does not follow from the definitions of 7, and
€, whereas Cov(v,, ¢)) = 0, for instance, does follow.

Basic Concepts of General Latent
State-Trait Theory

The basic idea of the generalization of the classical
concepls described above is to consider n occasions

of measurement and to reinterpret the set U of ob-
_ servational units as a cartesian set product

Us=UpxUyx...xU, Qan

of a set U, of persons and sets Uy of situations that ’

may occur on occasion k of measurement, k=1,...,
n. (For other interpretations of U see Steyer &
Schmitt, 1990a). This reinterpretation reflects the
fact that measurement does not take place in a sit-
uational vacuum; a person can be measured only in
a siluation which might have a systematic effect on
each variable measured on occasion k. In other
words, the observational units are not persons but
persons-in-a-situation (Anastasi, 1983; Magnusson,
1984). Hence, for n occasions of measurement, the
set of possible outcomes of this kind of random ex-
periment is:

U.x
a=ﬁ(u,x... xU)x (My%...xM,). (12)

Any possible outcome of this type of experiment is
an (1 + 2n)-tupel consisting of an element of Uy (a
person), onc clement of each U,, k=1,...,n(asit
uation occurring on occasion k), one element of
each M, (a combination of attributes of the person-
in-the-situation on occasion k). For instance, if ten
items are administered on occasion k, an element of
M, might consist of the scores of the person with
respect to these ten items.

We may now consider the mapping po: @ — U,

the values of which arc the persons. The valuc of the’

mappingpy: @ = Uy k=1, ....n,isthe situation in
which the person is measured on the kth occasion.
The situations do not have to be known. We only
presume that it is reasonable (o assume that a (usu-
ally unknown) situation occurs each time a person
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is measured. Hence, this approach may be applied

in purely observational studies involving at least two '

occasions of measurement. This approach differs
from the ANOVA type models used in modern in-
teractionism, because there, several individuals are
exposed to the same situation.

The test score variables within each occasion k
are denoted Yy, ..., Yo p the first index indicating
the ith variable ohserved' on occasion k., Hence, m,
is the number of Y variables observed on occasion
k. Within this conceptual framework we may now
consider not only the conditional expectations
E(Yg1po. pa). but also E(Yy 1 pg) and E(Yelpy).
Considering E(Yy | po. ps). we condition on persons
and situations, whereas conditioning is on persons
or situations in E(Y4!po) and E(Y,1py), respec-
tively. These conditional expectations are random
variables because persons and siluations are
sampled randomly, that is, according to some (usu-
ally unknown and unspecified) distribution. The
vatues of E(Yy | po. p;) are the conditional expecta-
tions E(Y, | po=to. pi=uty) of the variable Y, given
the person u, in the situation u,.

If we define the latent state variables

1 1= E(Yy | po. Pi). V (13)

which pertain to the kth occasion of measurement,
and the error variables

ey 1= Yo - E(Yl poPa). (14)

we have the (mathematically trivial) basic decom-
position

Yu =14 + ey (1)

£
= E(Ylél’o)*’ (E(Yi | po 1) wlpo)] +eu (16)
=En +Cu ' + ey (17)

where E; = E(Yu!po). T := E(Ya 1 po. Pi), and Ly
= E(Yu !l po. Pi) ~ E(Yu 1 po)- We now call 1, the
latent state variable, E, the latent trait variable, and
[y the latent state residual. All of these three latent
variables are defined with respect to the observed
variables Y. Figure 1 shows how these variables are
related to each other.

The definition E; := E(Y, | pg) makes clcar that
the values of a latent trait variable &, characterize
a person; cach person ug is assigned one and only
one score ol E;, the conditional expected value
E(Y4 1 po=tg). In contrast, the definition 1 :=
E(Y 4| po, 1) shows Lhat a latent state variable 7
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Figure 1. Path diagram representing the basic decomposi-
tion of cach Y. All variables are correlated with each
other except for those mentioned in Equations 28 and 29.
To avoid informalion overload, these correlations are not
symbolized in the figure. ’

characterizes a person-in-the-situation (1, u,); each
person-in-the-situation is assigned one and only one
score of T4, the conditional expected value
E(Yu !l po=to. pi=u,). Finally, the definition {, :=
E(Yylpg. pe) = E(Yy!p,) implies that the latent
state-trait residual {; also characterizes the person-
in-the-situation, because each (up, ;) is assigned
one and only one score of {,, the difference
E(Yy | py=tig, pr=tis) = E(Yu | po=sio)-
Note that {, can also be written

L = E(Yulpo.pi) - E(Yu!l po) (18)

= E(Yulpy) « (ECYa ) po,pe) -
E(Yy ! po) - E(Yu | po), 19)

(situation effect) + [interaction cffect]

which shows that [, consists of a situational and an
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Table 1. Basic Concepts of General Latent State-Trait Theory

A. Definition of Basic Variables
Y = E(Yalpo PO
&y = E(Yylpo)
Sa = Ba

Cisya-'t‘-‘

Latent State Variables
Latent Trait Variables
Latent State Residuals

Mecasurement Enor Variables

B. Decompositions of Variables and Variances
Yast, +e,
w=ta+ta
Var(Y,) = Var(x,) + Var(e,)
Var(vy) = Var(k,) + Var(,)

C. Other Basic Properties
E(ey) = ECy)=0
Corey,by) = Comey 1) = Covle, By = Comly, B = 0

D. Important Parameters

Rel(Y,) = Vor(x,) | Var(Y,) - Reliability
= Con(¥y) + Spe(Y,), where ’
Con(Yy) = Var(t,) / Var(Y,) Consistency

Spe(Yy) = Var(Gy) / Var(¥,)
Cor(ry ) k=i

CorlGa By, k=1

Occasion Specificity
Suabilily of States
Suability of Tnits

Note: Cor(E,, ;) denotes the correlation betwecn two latent
trait variables with identical first indices but portaining lo (wo
different occasions. All propertics listed in this table (inclu-
ding the decomposilions of vanances) fotlow from the defini-
tions of 1y, E;, £, and L, (scc Steyer & Schmilt, 1990).
There are no assumplions other than that the variances of the
variables Y are finite and greater than zero. All cquations
displayed hold forall i, jefy := {1, ..., m} and k(€ K :=
{1, -, n}, where my is tho ber of variabl d on
oceasion k and n is the ber of ions of

interactional effect. The definitions of the latent
variahles are summarized in Part A of Table 1.

Equations 13 to 17 clarify what it might mcan that
attributes (the Y variables) “can have both trait and
state components” (Hertzog & Nesselroade, 1987,
p.95). According to Equation 15, ¥V, = T4 + g that
is, ¥ is decomposed into its latent state component
v and an error variable ;. Furthermore, some:
algebra yiclds

T = Bu 4 G (20):

Hence the latent state variable 1 itsell is decom--
posed into the latent trait component §,, and the
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latent state residual . The conjunction of Equa-
tions 17 and 20 reveal how the quotation cited above
may be formulated more precisely: Manifest at-
tributes (¥ variables) have an error and a (latent)
state component, and the state component itself
consists of a trait component and a residual that is
not determined by the trait but by the specific situa-
tions present at the occasion of measurement con-
sidered and/or by the interactions between persons
and those situations.

Furthermore, we may now belter understand
Hertzog and Nesselroade’s assertion that states
“most commonly represent dimensions of intrain-
dividuat change and serve 1o discriminate one time
or situation in the life of a person from another”
(1987, p.95). [ (act, the score on the latent state
variable T, referring to occasion k of measurement
not only depends on the person but also on the sit-
uation in which the person is measured on that oc-
casion. In contrast, a score on the latent trait varia-
ble E, only depends on the person bul not on the
situation in which the person is measured on that
occasion (see the definition of ;).

Note, however, that the score of a person on £,
may differ (rom his or her score on E, for different
occasions k and { of measurement. Assumptions on
different kinds of stability (such as §; = E;or §; =
@y + Bu-Ea, where ay, and By, are real numbers)
may be introduced in special models. However, if
no further assumptions are introduced, trait scores
possibly change between occasions of measurement
although - by definition - they are not affected by
the situation present at the occasion of measure-
ment. A change of traits between dilferent occa-
sions of measurement may be due to genetically de-
termined change, learning, or critical life eveats be-
tween occasions of measurement, for instance. This
makes clear that the state-trait distinction does not
logically imply that traits are innate or unchangea-
ble. In Hertzog and Nesselroade's terms, a trait
“need not be construed as connoling immutable,
genetically determined behavioral dispositions™

(p-95).

Consistency, Occasion Specificity,

Reliability, and Stability

Herizog and Nesselroade (1987) hint at the “con-
ceptual conlusion of siability and reliability” and at
the common misconception that “{luctuant at-
tributes have little predictive validity or explanatory
power" (p.95). This, too, is well in line with our con-
ceptual [ramework. However, aside from the differ-
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enliation between reliability and stability, we add
the distinction between consistency and occasion
specificity. These concepts may now be formally de-
fined in terms of the latent state and trait variables
introduced above.

Before we define these concepts, we want (o
point out again that the variances of the variables
Ex. Lu, and €4 add up to the variance of Yy, without
wptions other than that the var-
iances of the ¥ variables are finite:

any additional as

Var(Yy) = Var(Ey) + Var({y) + Var(ey)- (21)
Furthermore,
Var(1y) = Var(§a) + Var(La). (22)

The additivity of these variances has been derived
by Tack (1980; see also Steyer & Schmitt, 1990a). If
Var(Y,,) is greater than zero, the last two equations
allow us to define

Rel(Yy) = Var(tu ) Var(Yy), (23)
Con(Y,) = Var(E,)Var(Yy), ’ (24)
SpelYa) := VarlCuVar(¥a), @)

to be the coefficients of reliability, consistency, and
occasion specificity, respectively. Additionally, we
may de(ine the correlation Cor(ty, 1y) to be the sta-
bility of the latent state variables and Cor(E,, §,) 10
be the stability of the latent trait variables between
accasions k and L.

The use of the word “stability” in this context pre-
sumes that 1, and 1, (4 and E,) represent the “same
states” (“same Lraits™) in some sense o be specified.
For instance, using the same index i might indicate

_that the same test is given on the two occasions k

and [. However, in some applications, a parallel
form might do as well. If this assumption does not
hold, one should simply use the term “correlation™
(e.g., between 14 and 1) instead of the term “sta-
bility™.

Because ol Equation 22,

Rel(Yy) = Con(Y ) + Spe(Yy), (26)

i.e., consistency and occasion specificity add up to
the reliability coefficicnt. The coelficients Con(Yy)
are the proportions of variance reflecting the inter-
individual dilferences that are not due to the diller-
ent situations in which the persons are measured on
occasion k. The cocfficicnts Spe(Yy,) are the propor-
tions of variance due to the situations and/or the
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person-situation interactions (see Equation 19) on
occasion k.

The following equations describe the most im-
portant properties of the variables defined in Equa-
tion 13to 17.Fori,j € I :=(1,...,m} and occasions
k. le K:={l,....n}: '

E(ey) = E(Ta) =0, @7
Cov(Lu € = Cov(ty, €4) =0, (28)
Cov(Eu, §) = Cov(Eau, &) = 0. 29)

Whereas Equation 28 refers to covariances within
each occasion k, Equation 29 also refers to covari-
ances across occasions. Note that these equations
are not assumptions. [nstead, they are consequences
of the definitions of the variables Ej, v, [y, and €,
(see Steyer & Schmitt, 1990a). Just like the corre-
sponding properties of Classical Test Theory (sec
Equations 5 to 10), they cannot be wrong in empiri-
cal applications. Just like the statement “a bachelor
is unmarried” cannot be wrong, they are logical con-
sequences of the definitions of the variables in-
volved. One might refuse to use the definitions;
once the definitions are used, however, Equations
27 to 29 are necessarily true.

To summarize, in the conlext of General Latent
State-Trait Theory, we differentiate between five
basic concepts: Reliability is the proportion of vari-

ance of the observed variable Y, due to the latent

state variable 7;. Consistency is the proportion of

variance of the ohserved variable ¥, due to the -

latent trait vaniable E,. Occasion specificity, which
represents the proportion of variance Jdue to the sit-
uvational and/or interactional cffects, is the differ-
ence between reliability and consistency. Stability of
the latent state variables is the corrclation betwecen
latent state variables of different occasions of mea-
surement having identical [irst indices. Stability of
the latent trait variables is the correlation between
latent frait variables of dilferent occasions of mea-
suremenl having identical first indices. Table | sum-
marizes these concepls and their relation to latent
states and trails.

Latent State-Trait Models

The number of latent variabies occurring in Figure
1 and their cotrelations make clear that assumptions
have to be introduced in order to be able to identily
the variances and covariances of these latent varia-
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bles. In this section we will present and discuss five
classes of models that may be formuiated within the
conceptual [ramework presented ahove. -

Latent Trait (LT) Models

The traditional way to solve the problem of mea-
surement error is to define a trait to be the factor
(or latent trait) in a model of congeneric variables.
The set of assumptions constituting this class of
models is presented in Table 2 (for a more formal
presentation and references, see Steyer, 1989). All
Y variables measure the same latent trait (congener-
ity) and all € variables arc uncorrelated among each
other (uncorrelated errors). Submodels result from
restricting the coeflicients and the variances of the
€4 to be equal for dillerent variables Y.

Table 2. Assumptions and Some Consequences of the Latent
Trait Model.

Assumptions

@) Yy =sxpee=F,4¢,

=ay+th E e,

Congenerity
where E(ey|po.p) = 0.3nd a3, %, € R
(b) Cocfey, ) =0, (i.k) = (.0)

Uncorrelaled Errors

C q es of the Assump

(1) Var(ty) = Var(E,) = A}, Var(t)

Variances of Latent
States and Latent Traits

AL, Var(k) Consislency
(2) Con(Y,) = Rel(¥,) = ———— and
Var(Yy) Reliability

Note: Those consequences are listed which relale the LST
theoretical parameters (lelt side of the equations) lo the pana-
meters of the model defined by the assumptions listed in this
table. The equations bold forall ¢, je J; = (1, .., m,} and &,
1 € K := {1, ... n}, where my is the number of variables
measured on occasion k and n is the number of occasions -of
measurement.

This class of models, which may also be called sin-
gle-trait models, might be desirable for the puse trait
theorist. However, these models ignore the problem
of occasion specificity, because situational and/or
interactional cffects do not appear in such a model.
The test score variables arc determined by two vari-
ables only: (a) hy the latent fraif and (b) by the cor-
responding error variable ¢, (see Figure 2). :
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Figure 2. A latent trait model for three manifest variables
Y, on cach of threc occasions, the occasion being indi-
cated by k. For simplicity, in this and the next four figures
all effects arc sel equal 1o 1. In gencral, these effects might
differ from each other. See Table 2 for the selation be-
tween E and the latent state variables 1. The latter are not
depicted in this and the remaining figures.

As will be shown in the application section, neg-
lecting the problem of occasion specilicity may lead
10 a rejection of thc model even in an application in
which traits are intended to be ed such as in
Spielberger's trait anxicty inventory.

Latent State (LS] Models

In order to lake into account occasion specificity
and measurement erfor, latent state models or mul-
tistate models may be used. We present two classes
of latent state models. In the first class all Y varia-
bles pertaining to occasion k mcasure the same
latent state n, (occasion-specific congenerity) and
all ¢ variables are uncorrelated among each other
(uncorrclated errors).

Rolt Steyer, Dieter Ferring, and Manlred }. Schmill

Table 3. Assumptions and Some Consequences of the Latent
State Mode! Without Method Factors

Assumptions

(.) Y.‘[ -vy bty o Iy 'r iGe C g ..’

= dyn ey,
- where E(e,}po.p) = 0 a0d ay, kR,
(®) Covea.tx) =0, (i,K)= (il Uncorrelated Errors

Some Ci of the Assump

(1) Coxra,vz) = Ay kg Covmy )
(@) Ver(y) =2} var(ny Variances of Latent States
() Var(ey) = Var(Yy) - &, Var(n))

Covariances and

Variances of
Measuremeat Errors

N, Var(n)

Reliability
Var(Y,y)

@) RekY,) =

Note: See note to Table 2.

Table 3 displays these assumptions and those
consequences which relate the basic concepts of
General LST Theory to the concepts of the specific
LS mode! defined by the assumptions. This type of
tables is useful for practical purposes, 100, because
the formulas displayed show how to estimate the pa-
rameters of General LST Theory, once the esti-
mates of the parameters of the specific LS model are
obtained (e.g., estimated by a program for the
analysis of simultaneous equation models).

Again, each test score variable is determined by
two variables only: (a) by the latent state and (b) by
the error variable (see Figure 3). However, in con-
trast to the class of latent trait models presented
above, there is one latent state variable for each oc-
casion.

The models presented above require that all vari-
ables Y, within each occasion k of measurement
measure exactly the same construct. In many cases,
however, it will be difficult to construct two or more
different measurement instruments that fulfill this
requirement. A more realistic assumption is that al-
though the different instruments (e.g., test forms)
measure a common factor, they also measure a fac-
tor that is specific for each instrument. Take, for in-
stance, the measurement of extraversion on an oc-
casion k of measurement by sclf ratings, Yy,, and by
peer ratings, ¥y, [t seems reasonable to assume that
both variables will measurc the common factor
extraversion. However, they may also be affected by

the method-specific factors pertaining to the meth-

ods of self rating and pecr rating, respectively. Some
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Figure 3. A latent state madel {or three manifest variables
on each of three occasions. Sec Table 3 for the relation
between the n; and the latent state variables 1.

subjects may overestimate their extraversion while
their peers may underestimate it, and for other sub-

jects it might be the other way round. Hence, if the

same methods are applied on all occasions of
measurement and il we assume that the biases of the
methods are stable, we may specily models includ-
ing a specific factor for each different method. In the
sequel we will use the term method factors no matter
whether these factors are due to dillerent methods
of measurement (such as sell rating vs. peer rating)
or only to different instruments of the same kind
(such as dilferent test forms).

In the second class of LS madcls, the multistate-
multimethod models (see Table 4), we allow for
factors which are specific for the measurement in-
struments. Each latent state variable 1 is a linear
combination of a component n, that is common for
the occasion and a component E, that is specific for

Table 4. Assumptions and Some Consequences of the Latent
State Model With Method Factors.

Assumptions
() Yy =wateq
LY TR VA TR - AN
where E(e5[po.p) = 020d ay, 25 € IR,

Noncorrelstion between:

Weak Coagenerity

(®) Covey.t) =0, (LK) = (j.l). Messurement Emrors
() Covey,m)=0 Measurement Errors & Latent States
(d) CowE.E)=0, i~j, Method Factors

(¢) Cow(E. ¢y = Covk;,my) =0 Metbod Factors & Others

Some C of the A P

(1) Conty,Ty) = Ay Ny Comnpun), i=j k=l
Covariances of Lsteat States

(2) Covxa, ) = hy'hy Vartny), i=j

(3) Cov(ty,Ty) = Ay Ay Comng,my) + Var(E), k=1
(4) Var(xy) = lf, Var(ny,) + Var(%) Variances
of Latent States
(S) Var(ey) = Var(Yy) - PN}, Var(n) + Var(E)] Variances

of Measurcment Emors

AL v Var(E, 7
X Vartn,) + Var(®) Reliability

6) Rel(Y,) =
(6) Rel(Yy) Vor(t)
= cRel(Yy) + mSpe(Yy),
A, v
where cRel(Y,) = TaYorW - ruemon Reliability
Var(Yy)
Var(t)
and mSpe(Yy) = o~ Method Specificity

Var(Vy)

Note: See note to Table 2.

the variables Y, with the same first index. Nole thal
the loadings of the Y variables on the method fac-
tors £, could change hetween occasions, in principle.
However, for simplicity of preseniation, we assume
loadings equal 1 on the method factors throughout
this paper.

The (irst component nj of the Y variables might
be called the “common latent state variable™ and
the second component E, the “method factor™ or the
“specilic latent trait”. The laticr name makes sense
becausc each measurement instrument (indexed J)
may have a specific component that is not shared
with the other mcasurement instroments but re-
mains the same across all occasions. The component
E,is called a (specific) latent trait, because its values
do not change across occasions. Hence, they charac-
terize the properties of persons with respect to the
specific measurement instrument i.



Yu i
- ————

Y —-—Ey

Yo K
A0

Y, g}

@ S=C

-——E )3

Figure 4. A latent state model with method factors for
three manifest variables on each of three occasions. See
Table 4 for the rclation of the latent state variables 1, o
the n, and §,.

In both classes of models, the latent state v_aria-
bles pertaining to different occasions of measure-
ment may differ from each other. They might be
correlated or uncorrelated. Hence, both types of
models may be used to investigate the stability of
the latent state variables. The relevant formulas are
displayed in Tables 3 and 4.

Note the distinction between the variables 1, and
n.! Whereas the variables n, occurring in the simul-
tancous equation models (see Figures 3 and 4) are
only of technical interest, the variables 1, are the
latent state variables defined in General LST
“Theory. It is their variance that yield the reliability
coefficients if divided by the variance of the corre-
sponding variable Y.

Latent State-Trait (LST} Models

The latent state models discussed above have some
disadvantages which stem from the fact that no com-
mon latent trait is defined. Hence, within such a
model it is not possible to formulate the relations
hetween states and traits. Therelore, these models
do not allow for a decomposition of the variances of

Rolf 'r, Dieler Ferring, and Manlred §. Schmi

the latent state variables into a trait component and
a residual component representing the elfects of sit-
uations and interactions between persons and situa-
tions.

State and trait variance components can be sep-
arated only within a latent state-trait model. Two
classes of these models are defined by the set of as-
sumptions displayed in Tables 5 and 6, respectively.
Although models with trait variables that change
across occasions are compatible with Gencral LST
Theory, both classes of models prescnted here as-
sume a single common latent trait variable. Hence,
they may also be called singletrait-multistate models
and singletrait-multistate-multimethod modcis, re-
spectively.

Latent state models and latent state-trait models
dilfer in the additional introduction of a common
factor E accounting for the covariances of the factors
N« (see Figure 5). In the first class of models (sce
Table 5) all Y variables pertaining to occasion k
measure the same latent state n, (occasion-specilic
congenerily of the Y variables), all latent state vari-
ables n, measure the same [atent trait £ (congenerity
of the variables), all { variables are uncorrelated
among each other (uncorrelated [ variables), all ¢
variables are uncorrelated among each other (un-
correlated € variables), and all € variables arc un-
correlated with all { variables. Further restrictions
on the covariances (sce Equations 27 to 29) between
these variables already follow from the Equations
13 to 17 deflining the latent variables and residuals.

In the second class of models we allow for method
factors which are specific for each measurement in-
strument. Just as in the latent state model, each
latent state variable T, is a linear combination of a
factor n, common for the occasion k and a method
factor E, specific for- the variables with index i.

In contrast to the class of models presented in
Figure 5, E; = E(Y, | po) is not a linear function of
the latent variable E. Instead, E, is a lincar combi-
nation of a trait component that is common for all
occasions of measurement and another trait compo-
nent £, that is specific for the measurement instru-
ment i. Again, the relations between latent state and
trait variables as defined in General LST Theory
and the latent variables appcaring in the model of
Figure 6 are displayed in Table 6.

Both classes of latent state-trait models allow for
the distinction between measurement errors and sit-
uational/interactional effects, because aside {rom
the fatent state and trait variables, they incorporate
the residuals representing situational and/or inter-
actional effects for each occasion of mcasurement
(see Figures 5 and 6).
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Table 5. Assumptions and Some Consequences of the Latent Stte-Fruit Model Without Metbod Fsctors.

Assumplions

() Ya=va+ea=ag+hyn, tey, where E(cylpy.p) =0snd aydy € R,
®) m=Pf+nt+b. wher EGlp)=0and B.v,e R

(&) Covey,2) =0, (iLk) =G0,
(d) Cov(ea,m)=0

(¢) Coul.t) =0, kml

(D Cove &) = Covt, E) = 0

Some Conseq of the A ot i

(1) Corvy.G) =Aghyve Y, Var(®), iwjkwl

(2) Covrava) = Xa My 1i Var(®) + Ay hy Var(ty), i=j
(3) Covvry,t)= Aadyvs vy Var(E), k=l

(@) Vor(ry) = Wi Var(®) + M, Var(@y

() CovE 5 =radymy Var®), i)

(6) CovBy B =My vy vy Var(E)

(M) Var(Ey) = M 1} Var(®)

(8) Var(Gy) = Ny Var)

(9) Var(ey) = Var(Yy) - [\, v} Var®) + N, Var(G)

Ny 1 Var(E) « A, Var(ty

(10) Rel(Yy) =

Var(Yy)
Wi v} Var(®)
(11) Con(Yy) = P—
M Var(R)
Y,)s ——
(12)Spetty) = =00

Occasion Specific Congenerity
Congenerity of n's

Noncorrelation between:
Measurement Errors

Messurement Erors & Latent States
Latent State Residuals

Latent State Residuals & Otbers

Covariances of Latent States

Variances of Latent States
Covanances of Latent Trits
Variances of Latent Trits
Variances of Latent State Residuals

Variances of Measurement Errors

Reliability

Consisten~

Occcasion Specilicity

Note: See note to Table 2.

The latent state-trait models involve a more lib-
eral concept of a latent trait than the latent trait
mode! depicted in Figure 2, because they allow for
situational and/or interactional effects. In this type
of model, the value of a manifest variable depends
on the measurement errors and on a latent state
variable, which itsell is determined by the fatent
trait and by situational and/or interactional effects.
This holds true for both classes of latent state-trait
models, although the relations between the latent
variables occutring in the simultancous equation
modcls on one hand and the latent state and trait
variabies on the other hand is more complicated in
the models with method factors.

" The following two extreme cases illustrate the
range of empirical situations that may be conceived
within the two classes of latent state-trait models:

(1) The manifest variables Y, depend only on
measurement error and the common trait. In this
case, the latent state-trait model simplifies to the
latent trait model shown in Figure 2, because the
variances of the variables £, and of the mcthod fac-
toss & are zero. This would be the ideal casc from
the perspective of the classical trait approach to the
assessment and study of personality, aptitude, and
attitudes.

(2) The manifest variables depend only on mcea-
surement error and on the latent state. The tatent
state itself does not depend on the traits. This coin-
cides with the model depicted in Figure 3 with the
additional restriction of uncorrelated latent state
variables n,. The variance of the common trait vari-
able E is zero, each variable 1, is identical with ;.
and the variances of the method {actors E; are zero.
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Figure 5. A latent state-trait model for three tvari-
ables on each of the three occasions. See Table 5 for the
telation between the n, and the lalent state variables vy

This would be the ideal case from the perspective of

" the pure situationist who denies the existence of
stable behavioral dispositions. For an example of
this extreme case see Nesselroade, Pruchno, and Ja-
cobs (1986).

Within the latent state-trait models depicted in
Figures 5 and 6, we may idenlify consistency, occa-
ston specificity, and reliability as proportions of var-
iance of the manifest variables which are deter-
mined by the latent variables occurring in the mod-
els (see Tables 5 and 6).

Furthermore, the latent state-trait models with
method factors (see Figure 6) allow for a decom-
position of the consistency coefficient into two ad-
ditive proportions, the common consistency and the
method specificity coefficients (Table 6).

In the latent trait models and in the latent state-
trait models discussed above, there is only one sin-
gle latent trait for all occasions of measurcment con-
sidered. General LST Theory, however, allows for
several latent traits that change across occasions as
well. If, for instance, there are two phases of mea-
surement with a relatively long interval between
them and each phase may be characterized by Fig-
ure S or 6, then we would have two different latent

Rolf Sle).ieler Ferring, and Manlfred J. Schmilt

Figure 6. A latent state-trait model with method factors for

" three manifest variables on each of the three occasions.

See Table 6.for the relation of the latent state variables 1y
to the ng and §;.

traits. The correlation of these traits mi;hl be the
object of interest.

Applications

In order to illustrate the models outlined above, we
will now present data from studies on anxiely and
coping. The data [rom these studies were analyzed
via LISREL 7 (J6reskog & Sorhom, 1989) to esti-
mate the parameters and test hypotheses.

Anxiety

The data of our first application were taken from
research on anxiety, a field in which most studies on
the state-trait distinction have been conducted. The
‘German version of Spielberger's State-Trait Anx-
jety Inventory (STAIL; Laux, Glanzmann, Schaffner,
& Spielberger, 1981) was given to several groups of
about 30 volunteer university students at the end of
a lecture on iwo different occasions about 8 weeks
apart. A total of 179 first and second year students
{rom the University of Trier participated in both
waves of this study. The numbers of {cmales (n=

Siotes aond Traits in ‘ologiccl Assessmenl
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Table 6. Assum‘p(ions and Séme Consequences of the Latent State-Trait Model With Method Factors.

Assumptions

0 Ya=tateg=ay+lgn +§+ey, where E(ey|p.py) = 0 30d ay, hy € IR Weak Occasion Specific Congenerity

® n=Bi+nE+b. where EGlp)=0and By e R

() Covey,t;) =0, (i.5)=(.0)

@ Coreaind) =0

(¢) Covtu.b)=0, k=!

(O CoGe,ti) = ComGu ) = 0

(g Cov.§)=0, imj

(® CovEi.e;) = Cowi,np) = CouE, t) = 0

Some C q of the A Sump

(1) Cor(ty T =dugdyna 1y Var(t), iwj kel

(@ Cov(tu.Ty) = hy A 13 Var(®) + Ay Az Var(Gy), i=j
) Com(ty, T = Ay My vy Yy Var(E) + Var(E), kw!

(@) Var(ry) = My 1 Var(®) + A, VarRy + Var(s)

) CovBa. B = M Mgy vy Var(®), iejf

(6) Cov(Ei. B = My Xig Yy vy Var(E) + Var(g)

(M Var(a) = My v} Var() + Var(s)

® Var(C) = My Var@) '

9) Var(ey) = Var(¥y) - (N o Var(®) + M, Var(ty) + Var(g))

Cougeoerity of n’s

Noncosrelation between:
Measurement Errors

Measurement Ertors & Latent States
Latent State Residuals

Latent State Residuals & Others
Metbod Factoes

Metbod Factors & Others

Covariances of Latert States

Variances of Latent Stales

Covariances of Latent Trils

- Variances of Latent Traits
Variances of Latent State Residuals

Varances of Measuremeant Errors

My v Var®) ¢ M, Var®) + Var®)
(10) ReKYy) = —— = cRel(Y,) + mSpe(Yy), Reliability
A vd Var®) + A, Ve
where cRel(Yy) = —— nVar(;..) i Varl&) (c Relishility) snd mSpe(Y,) = (Metbod Specificity)
» Var(Y,)
N 1 Var(®) + Varfg) o
(11) Con(Y;) = -_VU—I(Y;)—* = cCon(Yy) + mSpe(Yy), Consistency
2
where cCon(Yy) = ""‘V :’:(::G) (© C "
2}, Var(ty)
(12) Sp(Yy) = m Occcasion Specificity

Note: Sce note to Table 2.

90) and males (n = 89) were approximately equal.
Two parallel forms were constructed for both scales
of the STAI (see Steyer, Schwenkmezger, & Auer,
1990). In addition to substantive aspects, item statis-
tics such as means and standard devialions were
taken into account for the construction of parallel
forms. The covariance matrix of all test halves and
both occasions of measurement are displayed in
Table 7.

Latent Trait {LT} Models

First, the covariance matrix (see Table 7) was ana-
lyzed separately for the state anxiety and trait anx-
iety scales according to the LT model presented in
Table 2. This model had a bad (it (x} = 265.03) for
the state anxiety scales. Because states on two differ -
ent occasions should have a less than perfect corre-
lation, this result was expected. The modification in-
dices suggest that in fact there is a high correlation
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Table 7. Ssmple Variances and Covariances (or the Stste and
Trait Anxiety Test Halves -

SA, SA, SAy SAp TA, TA, TAy TAp

sA, 2467
SA,; 21.9025.14
SA, 1035 1062 27.24

11.67 12.64 25.26 28.68

SAn

TA, 1330 1487 1.3 9.04 22.54

TA;; 121 14.85 736 8.95 18.74 21.45

TA; 1184 12.67 1139 11.89 15.49 15.36 20.98

TAyp 1124 1137 9.83 10.78 14.85 16.24 17.80 20.45

Note: SA, denotes state snxiety, ith test balf, kth occasion,
and TA, truit snxiety, ith test ball, kth occasion.

between the residuals within each of the two occa-
sions of measuremenl. (The corresponding lwo
modification indices are 142.9.)

What might be surprising is that similar results
are obtained (or the traif anxiety test halves. Al-
though the modcl fit (x} = 80.77) is considerably bet-
ter than for the state test halves, it is far from being
acceptable. Again, the modification indices suggest
that there is a high correlation between the residuals
within each of the two occasions of measurement
(the corresponding modification indices are 76.4).
The bad model fit and the pattern of modification
indices suggest that there might be situational
andior interactional effects which are common for
those trail test halves that were assessed within the
same occasion of measurement.

Latent Slale [LS) Models

One possibility to take into account common
sources of variance of the variables within each of
the occasions is to specify an LS madel. Since the
test halves were constructed as “parallel” forms, the
loadings were fixed to one. Furthermore, since the
same parallel forms were given on two occasions,
the error variances were constrained to be equal
within and between occasions. The results of the
analysis of the state anxiety test halves based on this
model are presented in Figure 7. The variances and
covariances implied by this model are well in accord
with their empirical counterparts (x3=753p=27).
The latent state variables corrclate .48.

For the trait anxiety test halves, the fit of the
latent state model is only moderate (x}=1780p =
01). We analyzed this model according to the LS
model with method factors. The results of this analy-
sis are depicted in Figure 8, Comparcd 10 the latent
«tate test halves, the iwo latent slate variables corre-
late much higher (r = .83).
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Figure 7. Latent state model for two state anxicly test
halves on two occasions. The numbers displayed are the
variances of the corresponding variables except for the
covariance of the variables n, and 1. Model fit: x} = 7.53
{p = .27); adj. goodness of fit = .97; root mean square re-
sidual = .67. .
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Figure 8. Latent state model with specific traits for Iwo Lrail
anxiety test halves on two occasions. The numbers dis-
played are the variances of the corresponding variables ex-
cept for the covariance of the variables n, and n;. Model
fit: 1} = 6.74 (p = .15); adj. goodness of fit = .95; root mean
square residual = 35.
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The fit of this model is acceptable (xi = 6.74;p =
.15). Figure 8 shows that the variances of the method
factors are small (.75 and .77, respectively). Never-
theless, they are significant even at the .01-level as
the difference between the x* values for the models
without and with method factors, respectively, indi-
cate: x3 - x3 = 17.80 - 6.74 = 11.04). This means that
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Figure 9. Latent stale-trait model for two state anxiety test
halves on two occasions. The numbers displayed are the
variances of the corresponding variables. Same mode! fit
as in Figure 7. :

the test halves are not strictly parallel. In addition
to their common trait components, cach test haif
also has a method {actor indicaling that the mean-
ings of the ilems are not identical in the two test
halves.

Latent State-Trait (LST) Models

Although the LS models presented in Figures 7 and
8 are acceptable with respect to their model fit, there
are theoretical rcasons that suggest to prefer LST
models: the possibility to decompose the variance of
the latent state variables into the variance deter-
mined by a common trait and a residual variance
due to situational and/or interactional eflects.
Hence, we again analyzed the data, this time accord-
ing to the LST model. The results of this analysis for
the state anxiety test halves are summarized in Fig-
ure 9.

The [t statistics are the same as in the LS model.
In fact, in this special case with n = 2 occasions, the
LS models and the LST models imply the same
covariance matrix. Hence, only the theoretical rea-
sons mentioned above suggest to prefer the LST
model.

The same kinds of models were analyzed for the
frait anxiety test halves yiclding the same goodness
of fit statistics as the corresponding LS models.
Since the model without method factors does not {it,
we choose Lo depict only the model with method fac-
tors (see Figure 10). Wherceas in the LS model it is
only possible to-compute the reliability coefficients,
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Table 8. Comsistency, Specificity, and Reliability of the Test
Halves of the State and Trait Anxiety Scales

State Anxiety Scales Tnit Aaxicly Scales

Occasion 1 2 1 2
Test Hall .2 1,2 1 2 1 2
Consistency .46 .40 J2 .12 .16 76
common 46 .40 Jo 6 73 0.m
specific 00 .00 02 03 03 .03
Spedificity 43 49 A7 17 a3 a3
Reliability 89 .90, 89 89 .89 .89

Note: The LST model with specilic irits for tnit snxicty
implies unequal variances of the test halves within each occa-
sion. Therefore, the coelfici of the test halves sfighily
diffes from each other.

PY — 1;':\‘.6. \ /112
23— TA" / \
2146
o S
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20.04

Figure 10. Latent state-trait model with method factors for
two trait anxicty test halves on two occasions. The num-
bers displayed are the variances of the corresponding vari-
ables. Same modet (it as jn Figure 8.

we are now able to compute the consistency and oc-
casion specilicity coefficients and to split the con-
sistency coefficient into the common consistency
and the method specilicity (see Table 8).

Note that the computation of the coefficients for
stale anxiety are hased on the covariance matrix im-
plicd by the modcl depicted in Figure 9. The formu-
las displayed in Table 5 simplily in this application
because all coelficients A, and vy, are equal to one. .
The computation of the coelficients for trait anxicty
are based on the covariance matrix implied by the
model depicted in Figure 10.

Discussion

As can be secn from Table 8, the coefficients of con-
sistency reveal that the scores on the state anxicty
test halves are determined to a considerable degree
by the latent traif, although the intention is to mea-
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sure states. The coefficients also show, however, that
the instructions of the state and trait inventories do
have an elfect, because the consistency coefficients
of the trait anxiety test halves are much larger than
those of the state variables. The ¢ ion specificity
coefficients indicate, however, that some variance of
the trait anxiety scales is due to situations and/or in-
teractions as well. This confirms our general argu-
ment that situations and/or interactions usually have
an effect on psychological measures even if they are
constructed with the infention 10 measure traits.

A special problem of this application is that the
covariance matrices implied by the LS modeis and
the LST models are the same. Hence, the assump-
tion of a single latent trait explaining the covariance
of the latent states cannot be tested. However, the
only reason is that there are only two occasions of
measurement in this case. Our next example il-

lustrates how such a test may be accomplished il
there are more than two occasions. -

Coping

Research on coping with stress in general and on
coping with discases in particular has evidenced that
various psychologicat ways of coping exist and that
individuals differ in their preferences for coping
strategies (for an overview see, ¢.g., Lazarus &
. Folkman, 1984; Moos & Schacler, 1984). The de-
gree to which such differences are due to enduring
interindividual differences and/or to situational de-
mand characteristics is largely unclear. Some au-
thors have conceptualized coping as a traitlike style
or disposition (e. g., represser vs. sensitizer, Bell &
Byrne, 1978; monitors vs. blunters, Miller & Man-
gan, 1983) assuming high behavioral consistencies
over time as well as across stressful situations. Other
theorists have conceptualized coping as classes of
behavior that vary across time and types of stressors
1o which individuals are exposed (e.g., Lazarus &
Launier, 1978).
In line with these assumptions, dispositional and
episadic instruments have been developed 10 assess

coping behavior (Cohen, 1987). Episodic instru--

ments are focussed on temporal and situalional var-
intions of coping, whereas dispositional instruments
arc intended Lo assess those aspects of coping which
arc largely invariant across diflerent situations and
occasions of measurement. )

Given the results for the statc-trait anxiety scales
reported above as well as the resulls from various
other applications (¢.g.. Kirschbaum, Steyer, Eid,
Patalia, Schwenkmezger, & Hellhammer, 1990;
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Schmitt & Steyer, in press; Steyer & Schmitt,
1990b), it seems likely that both kinds of coping
measures will reflect, although to different degrees,
stable individual differences and situational/interac-
tional effects. The degree to which the variation of
any coping measure is due to stable individual
coping dispositions (traits) and occasion specific fac-
tors is a matter of empirical investigation. As an ex-
ample, we will now present the results of various
latent state-trait analyses for a specific kind of
coping behavior, search for affiliation.

The data to be analyzed stem from a longitudinal
study on coping with cancer (Filipp. Aymanns, &
Klauer, 1983). Aside from medical and other psy-
chological measurement instruments, a coping
questionnaire was administered to 202 cancer pa-

“tients on four occasions of measurement within one

year, Five different coping strategics were assessed,
one of them being “search for alfiliation™ (AF; for
details see Klauer, Filipp, & Ferring 1989; Filipp,
Klauer, Ferring, & Freudenberg, 1989). This scale
describes sociable coping behavior but also diver-
sion and attentional distraction. It consists of nine
items (e.g.: “I went out with friends”, 1 visited or
invited other people.™) to be answered on six point

rating scales ranging from 1 (never) to 6 (very

often). From these nine items, two parallel test
halves of four items each were constructed. These
test halves are approximately equal with respect to
average item means and standard deviations. The
variances and covariances of the eight coping vari-
ables (two test halves x four occasions of measure-
ment) are presented in Table 9.

and Co of tbe Search for

Table 9. Sample Vasi

" Affilistion Test Halves

AFy, AFy AFy, AFp AFyy AFn ARy AFy

AF, 662

AFy,  ATT 695 :

AF,, 425 350 .669

AFy; 343 449 473 6%

AF; 402 311 448 379 537

AFy, 344 367 343 398 358 .508

AF,, 382 263 431 333 400 288 615
AF,, 338 371 333 387 300 358 .421 .580

Note: AFy denotes scarch for afTilistion, Ah test ball, kth-
occasion.

Several LT, LS, and LST models werc analyzed.
The models varied in three regards: (a) whether or
ot the factor loadings were restricted to be equal,
(b) whether or not the variances of the error varia-

_ Siotes ond Trails in P‘ologicol Assessment

bles were restricted to be equal, and (c) whether or
not method factors [or the two test halves were
specified. -

Latent Trait {LT) Models

Even the most liberal LT model (free loadings, free
variances of the error variables) clearly had to be
rejected (x3 = 250: p < .01). Hence, the scores on
the search for affiliation (AF) coping scale can not
be explained by a single trait that is stible across the
four occasions of measurement.

Latent Stale |l5') Models

To investigate whether the bad fit of the LT model
is due toignoring situational and/or interpctional ef-
fects, various LS models (with fixed or (rec loadings,
equal or uncqual error variances) were specified
and tested. Although these models fitted better than
the LT models, they still cannot account for the
covariance matrix of the eight coping measures. The
model fitimproves dramatically, however, if ameth-
od factor for each of the two test halves is specified.
Similar to the anxiety measures discussed above, the
two coping test halves are not strictly parailel.

Lotent State-Trait (LST) Models

Finally, we investigated to what extent the covari-
ances of the latent states can be accounted lorby a
common latent trait. Various LST models with
method faclors were analyzed. The model with
equal etror variances, unequal variances of the
method factors, and unequal effects of the common
latent trait on the four latent states was accepted
(x)s = 3757; p > .05). The parameters of this model
are given in Figure 11.

Based on the model shown in Figure 11 and the
formulas given in Table 6, the coefficients of relia-
bility, consistency, and occasion specificity were
computed for the eight coping variables (cf. Table
10).

Discussion

The results of our analyses demonstrate that scarch
for affifiation is neither exclusively a trail-like
coping style nor is it determined by situational de-

. mands, only. However, the proportions of variances

explained by stable individual dilferences are much
higher than those accounted for by situational
and/or interactional effects. Thus, search for affilia-
tion as a coping behavior of cancer patients seems
to be trait-like primarily.

The method factors for the test halves indicate
that the two test halves do not measure exactly the

/ N
=N\
. - ~
AFyy “"‘\” . /@
500

AFy
59 ! is

Figure 11. Latent state-trait model with method factors for
two search for affiliation test halves on four occasions.
Model fit: x}; = 28.22 (p = .17); adj. goodness of fil = .95:
vool mean squarc rcsidual = .05. . :

Table 10. Cousistency, Specificity, and Reliability of tbe
Search for Affilistion Test Halves

Occasion 1 2 3 4
Test Half 1 2 1 2 1 2 1 2
Consistency .60 .58 .73 60 .13 .74 .60 .66
common 47 49 .59 .51 .58 .63 .46 .56
specific 13 .09 .14 .09 1712 .15 .10
Spedificity 25 .26 d2.12 .06

.06
Reliability .84 2 81 .80

2.4
8240

same coping hehavior. Instead, cach test half has a
specific component that cannot be ignored if an ade-
quate explanation of the covariance matrix is in-
tended. The two tests arc not parallel test forms in

- the sense that they may be used interchangeably.
Each one comprises of coping behaviors which are
specific to some degree. Thercfore, they are indica-
tive of the same common latent state and the com-
mon latent trait only in part.

General Discussion

The distinction between stales and traits has been a
matter of controversial debates (see e.g., Allen &
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Potkay, 1981, 1983; Zuckerman, 1983). It is closely
related to the person-situalion debate revolving
around the question to which extent behavior is de-
termined by stable dispositions versus characteris-
tics of the situation (for a review see Schmitt, 1990).
We consider our approach useful not only for the
state-trait distinction but also, more genesally, for
correlational research addressing the relative
weight of traits and situations for explaining and
predicting behavior. With regard to this issue, our
approach supplements traditional ANOVA designs
in that naturally occurring situations are considercd
which may differ belween individuals at the occa-
sion of measurement.

The goal of our contribution has been to present
a coherent theory relating observable variables
(e.g.. obtained by psychological assessment pro-
cedures) to the state and trail constructs. We started
out with a critical discussion of traditional ap-
proaches 1o the state-trait distinction: (a) the oper-
ational approach (e. g., Spielberger, 1972, 1983) and
(b) the autocorrelaiion approach (e.g., Hertzog &
Nesselroade, 1987). Conceptually, both approaches
are appealing. However, when it comes o relate
theory and empirical data, they are not convincing.

We have criticized Spielberger's operational ap-
proach to the stale-trait distinction via different in-
structlions in questionnaires (Spielberger, 1972,
1983) arguing that psychological assessment never
takes place in a situational vacuurn and that situa-
tions may have an effect on subjects’ answers even
to those questionnaires that are developed for the

assessment of traits: This argument has been sup-.

ported by the results of our analyses for the state-
trait anxiety data: the LT model had to be rejected
for the frait anxicty test halves.

According to our view, Hertzog and Nessel-
roade’s distinclion between states and traits on the
. basis of the size of their autocorrelations is arbitrary
to some extent. Furthermore, this approach does
not take into account *“that most psychological at-
tributes will neither be, strictly speaking, traits of
states. That is, attributes can have hoth trait and
state com, onents” (Hertzog & Nesselroade, 1987,
p.95). The critical point is that these state and trait
componcnts do not appear in their structural equa-
tion models.

Our approach can be scen as a generalization of
Classical Test Theory which considers persons-in-
situations as units of measurcment. In this concep-
tual framework definitions of states and traits as
well as of reliability, consistency, accasion speci-
ficity, and stability have heen proposcd. We have
defined a latent staie as any measurement that is frec

Rolf Sleyeréler Ferting, ond Manlfsed J. Schmitt

from measurement error and a latent traif as any
measurement that is {ree from measurement efror
and free from situational and interactional effects.
Furthermore, we have suppiemented the classical
concept of reliability by two coefficients: the con-
sistency coefficient, which is the proportion of vari-
ance of an observed variable due to interindividual
differences (which are not due to situational and/or
interactional effects), and the occasion specificity
coefficient, which is the proportion of variance due
to (a) the dilferent situations that may occur for dif-
ferent persons on an occasion of measurement, and
(b) the person-situation interaction. The sum of
both coefficients is the reliability coefficient for the
occasion of measurement considered. Within this
approach, the sitvationists’ as well as the trait psy-
chologists' goals are accounted for since latent state-
trait theory considers both sources of variancc and
allows for a quantitative estimation of additive var-
tance components.

Five classes of models were presented that
supplement the general theory outlined above. The
assumptions defining these models imply special
confirmatory factor models. Hence, parameter esti-
mation and hypothesis testing may be accomplished
by computer programs for the analysis of structural
equations such as LISREL (Jéreskog & Sorbom,

1989), EQS (Bentler, 1989), or LISCOMP (Muthén, |

1988).

Traits as defined in this paper are nof unchange-
able and genetically determined. The concept ofa
Jatent trait allows for systematic fluctuations at each
occasion of measurement not being due to measure-
ment error, but to situational variability. If there are
only two occasions, the assumption of a latent trait
E is tautological, i.e., it is not empiricalty testable.
However, for n 2 3 occasions, the assumption of a
latent trait restricts the covariances of the latent
stale variables to be equal, if the coefficients y, (see
Figures 5 or 6).are all equal to one. For n 2 4 occa-
sions, the assumption of a latent trait restricts the
covariances of the latent state variables even if the
coefficientsy, are all different from each other. The
hypothesis that a single latent trait explains the
covariation of the latent states is empirically testable
by standard simultaneous equalion methods.

The propased concept of a latent trait already al-
Jows for the existence of latent states. If the manifest
variables are intended to measure traits, these states
may be called “biased traits™. They are necessary for
taking into account situational and/or interactional
variahility (see Figure 10). The restriction imposed
by the assumption of a latent trait is that the trait
should explain the covariances of the latcat states.

Stales ond Traits in Ps logical Assessment

Our state-trait distinction 1s similar to that of
Herzog and Nessclroade (1987) and to conceptual-
izations of traits by Epstein (1979, 1980; Epstein &
O'Brien, 1985) and Zuckerman (1983). However, in
our models, states and traits do not hover as hidden
constructs over the models of data analysis but are
integral parts of these models. The variances, covar-
iances, and correlations of the latent states and traits
among each other as well as with other variables can

- be directly estimaled and tested.

In gencral, psychological tests and other observa-
tions do not measure only states or only traits as has
been suggested by Allen and Potkay (1981). In-
stead, each test may be decomposed into a latent
state and an error variable, and thc latent states may
be decomposed into a latent trait and a latent state
residual (see Table 2). Hence, latent stales and
latent traits are not incompatible with cach other.
Instead, a latent trait is one of the components con-
stituting the latent state. However, the proportion
of variance of the latent state that is determined by
the latent trait may range {rom zero Lo one; its size
may be estimaled in empirical applications via si-
multancous cquation modeling. For this purpose we
need repeated measurements on at least iwo occa-
sions with at least two instruments measuring the
same states. The situations in which measurement
takes place do not have 1o be known and do not
have to be observed. The natural variation of situa-
tions between occasions and the natural differences
between subjects (persons-in-situations) within
each occasion of measurement is sulficient. }

A general consequence of our approach is that it
makes possible to focus psychological theory on ex-
plaining both states and traits. Obviously, situ-
ational characteristics (such as recent threat experi-
ences, recent sacial support, ctc.) have to be con-
sidcred as explanatory variables if latent states are
focussed, whereas genetic, learning, and socializa-
tion factors may explain individual differences in
traits. More complex latent state-trait models in-
volving these kinds of explanatory variables seem to
be most interesting for {uture research.
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Errors R | -
found in mnova_.. Ferring, moEEz Goowv msﬁa and Traits in
Psychological Assessment. European Journal of Psychological
Assessment, Vol. 8, pp. 79-98.

In figure 8 and in figure 10 the variances of the manifest
_variables must be: Var(TA,)=21.91; Var(TA,)=21.93;
Var(TA,;)=20.79, <»AH>-V 20.81.

Table 8. Consistency, Specificity, and Reliability of the Test
Halves of the State and Trait Anxicty Scales

State Anxiety Scales  Trait Anxiety Scales

088::._ 1 2 B | 2

-Test Half 1,2 1,2 1 2 1 2
Consistency - .46 .40 72 .12 .76 .16
common - .46 .40. 69 69 73 .73
specific 00 .00 .03 .03 .04 .4
Specificity 43 49 A7 017 13 13
Reliability . .89 .90 .89 .89 .89 .89

N.mgm 10. Consistency, muon_wn:u: and wo?ix:@ of the
Search for Affiliation Test Halves

Occasion 1 2 3 4
TestHalf 1 2 1 2 1

Consistency .60 .58 .73 .71 75 .73 .60 .58
common .47 49 .59 .62 .58 .62 46 .48
specific .13 .09 13 .09 16 .11 ..15.10

Specificity .25 .26 11 .12 .06 .06 22 .24

Reliability . .85 .84 .84 .83 .81 .80 .83 .82
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