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6 6 

Thee integrated trait-state model 

'Theree is no assurance, however, that the organization of personality variables within the individual 

iss accurately described by the pattern derived from group studies.'— Baldwin, 1946, p.152 

Althoughh a large portion of psychological research has been devoted to the inves-
tigationn of trai ts, there is no universally accepted definition of the term trait (Meijer. 
1994:: Mischel, 1968; Allen & Potkay. 1981; Pervin, 1994; Fiske, 1994; Winter, John, 
Stewart.. Klohnen, & Duncan, 1998). Most definitions refer to a consistent pat tern of 
behaviorr across a range of situations (Mischel, 1968; Pervin, 1994; Goldberg, 1994; 
Johnson,, 1999; Steyer, Schmitt, & Eid, 1999). However, there is no agreement on how 
stablee the pat tern needs to be to justify the usage of this term (Hertzog &c Nesselroade, 
1987:: Pervin, 1994). Some have even argued that consistency in behavior in similar 
situationss rather than cross-situational consistency is the defining feature of t ra i ts 
(Johnson,, 1999). One at tempt to clarify the trait concept has been to contrast t ra i ts 
wit hh states (Eysenck, 1983; Spielberger & Sydeman. 1994). In this contradistinction, 
trai tss are characterized by (temporal) stability, while states are characterized by (re-
versible)) change (Hertzog &: Nesselroade, 1987; Nesselroade, 1988). It has been noted, 
byy Cattell and others, that the differences between individuals at one point in t ime re-
flectt both differences in trait scores and differences in states, as people are observed at 
differentt state levels as well as at their different trait levels (Cattel l. 1966; Cattell, 1967; 
Hertzogg & Nesselroade, 1987; Steyer et al., 1999). This implies that a port ion of the 
observedd differences between individuals reflects stable, trait-l ike differences, whereas 
anotherr port ion of the differences reflects temporal, state-like differences (Hertzog & 
Nesselroade,, 1987). The issue then becomes how to disentangle the trait-l ike propert ies 
fromm the state-like properties in measurements. 

Severall  a t tempts have been undertaken to address this problem. For one, i t has been 
suggestedd to average the scores of an individual obtained at repeated measurements 
inn order to eliminate temporal effects. The averaged score is thus interpreted as (an 
estimatee of) the individual's trait score (Epstein, 1980), while the variation around 
thiss mean is at t r ibuted to states (sometimes called error). Fleeson (2001) proposed 
too consider the amount of variation and the skew of the distr ibution also as trait-
lik ee properties, if they proved stable over time. Another approach to disentangle t ra i ts 
andd states was undertaken in structural equation modeling, where the stable, trait-l ike 
propertiess and the temporal, state-like properties are modeled as separate parts of the 
psychologicall  construct under investigation (Hertzog & Nesselroade, 1987; Schmitt & 
Steyer,, 1993: Steyer, Schwenkmezger, & Auer, 1990). Although these two approaches 
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aree quite distinct, they are both based on the same two assumptions. First, it is 
assumedd that the state st ructure is identical across individuals. This implies that 
alll  individuals differ from themselves over t ime in an identical manner. Second, it is 
assumedd that the t ra it s t ructure and the state structure are identical. This implies that 
thee way individuals differ from each other regardless of t ime is identical to the way 
individualss differ from themselves over time. These assumptions are quite restrictive, 
andd can not be tested with the presently available approaches. 

Inn this Chapter we present a model called the integrated trait-state (ITS) model with 
whichh the tradi t ional t ra it approach (e.g.. McCrae & John, 1992) can be linked to the 
processs approach (e.g., Mischel & Shoda, 1995). Characteristic of the process approach 
iss that an individual's pa t te rn of state-like variability can differ radically from that of 
otherr individuals, and from the pattern of variability found at the level of the popula-
t ionn (the latter being the object of the trait approach). A disadvantage of the process 
approachh is that because of its idiographic nature it may lead to qualitative differences 
betweenn individuals which make the comparison of individuals difficult . However, by 
linkingg the process approach to the t ra it approach, the ITS model accounts for both 
quali tat ivee and quant i tat ive differences between individuals, that is, it combines idio-
graphicc descriptions and nomothetic comparisons of individuals. When compared to 
thee tradit ional t ra it approach and the currently available t ra i t -state models, the ITS 
modell  allows for an unprecedented degree of individual uniqueness. Because the ITS 
modell  is not based on the assumptions underlying other trai t-state approaches, it offers 
thee opportuni ty to investigate these assumptions instead. We show that when these 
assumptionss do not hold, this has far reaching consequences for both psychological 
theoryy and measurement. 

Thiss Chapter is organized as follows. In the first section we discuss three sources of 
interindividuall  differences: t rai ts, trait changes, and states. We present the ITS model 
inn the second section. We emphasize that this model is not based on the assumption 
underlyingg other t ra i t -s tate approaches. In the third section we discuss the implications 
off  applying s tandard factor analysis to data for which the usual assumptions do not 
hold.. The fourth section consists of an il lustration of some of these implications with 
ann empirical example. We end by discussing some addit ional implications of the ITS 
model,, and suggest several ways in which the present model may be extended. 

6.11 Defining trai t s and states 

Thee distinction between t ra i ts and states dates back to the beginning of the Christ ian 
eraa (Eysenck, 1983). I t has been casted in terms of stabil ity versus change (Hertzog 
&&  Nesselroade. 1987), consistency versus change (Cervone, 2004), consistency versus 
discriminativenesss (Funder. 1994), invariance versus variability (Mischel, 2004), dispo-
sitionn versus dynamics (Mischel. 1973), person versus situation (Meijer, 1994; Steyer 
ett al., 1999). and even correlational versus experimental psychology (Buss. 1989), to 
namee a few. These distinctions have led to different definitions. In this section we 
brieflyy discuss several ways, in which t ra i ts and states have been defined, and indicate 
howw these terms are used in this Chapter. 

Althoughh few (if any) wil l hold the extreme viewpoint that a trait never changes 
acrosss the life-span, most wil l probably agree that stabil ity is the most distinctive fea-
turee of a trait. Traits have been defined as relatively stable, interindividual differences 
inn proneness (Eysenck, 1983; Spielberger k Sydeman, 1994), tendency (Spielberger & 
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Sydeman,, 1994), style (Mischel, 1968). or disposition (Block, 1993; Forgays, Forgays, 
&&  Spielberger, 1997) to behave (Block, 1993; Mischel. 1968). feel (Spielberger & Syde-
man.. 1994), or think in certain ways (Goldberg, 1994; Pervin, 1994; Spielberger & 
Sydeman,, 1994). In psychological research the term trait is often used to refer to a 
factorr or dimension, which is useful in describing (relatively) stable interindividual dif-
ferencess (Hertzog &  Nesselroade. 1987; McCrae k John. 1992: Meijer, 1994; Mischel. 
1968;; Pervin, 1994). 

Whenn trai ts are defined as invariant over t ime, this implies they give rise to time-
invariantinvariant interindividual differences. Two addit ional sources of interindividual dif-
ferencess may be distinguished. Characteristic of these sources is that they give rise 
too temporal interindividual differences. The first is intraindividual change, which has 
beenn defined as relatively slow changes, reflecting processes such as maturat ion, learn-
ingg and progressive organic damage (Nesselroade, 1991). These changes are (more or 
less)) irreversible, associated with growth and/or decline, and they take the form of 
somee smooth trend, typically an increasing or decreasing slope, or some kind of U-
shapedd form (Cattell, 1966; Nesselroade. 1988: Nesselroade & Boker, 1994), although 
stage-likee transit ions are also possible (Van der Maas & Molenaar, 1992). Intraindivid-
uall  change thus defined has also been called trait change (Cattell, 1978; Nesselroade, 
1991).. Hence, while trai ts themselves are defined as invariant, the concept of trait 
changee makes it possible to account for life-span changes in psychological phenomena 
thatt appear to be stable over shorter intervals. 

AA second source of unstable interindividual differences is intraindividual variability 
(Nesselroade,, 1991). This variability is relatively rapid and reversible, and, as such, 
i tt differs from trait change as described above. Intraindividual variability takes place 
aroundd the intraindividual's mean that represents his/her trai t, or the intraindividual's 
smoothh curve that represents his/her trait change (Nesselroade. 1991: Nesselroade & 
Boker,, 1994). This intraindividual short-term variability has been identified as state-
variationn in the trai t -state distinction (Nesselroade, 2001). Hence, states represent 
dimensionss with respect to which an individual differs from himself/herself over occa-
sions.. States may be associated with situations, which can be exogenous, such as the 
sociall  and physical surroundings of an individual, or endogenous, such as all kinds of 
physiological,, emotional and cognitive processes. In addition, states may also result 
fromm the interaction between individual and situation (Meijer, 1994; Mischel k Shoda, 
1995;; Nesselroade, 1988). In this Chapter we focus on both trai ts and states, but the 
issuee of trait change is taken up in the discussion. 

6.22 Th e IT S model 

Inn this section, we develop a single formal model that accounts both for time-invariant, 
interindividuall  differences, and for rapid, reversible intraindividual variability. To ease 
presentation,, we begin by introducing two parts of the final model separately: a state 
modell  and a trait model. The state model, which is based on existing techniques (Bald-
win,, 1946; Cattell et al., 1947; Nesselroade et a l, 2002), accounts for intraindividual 
variability.. It is a technique to determine the dynamics of intraindividual processes. 
Inn contrast, the trait model accounts for time-invariant, interindividual differences. In 
Appendixx 1 the first and second moments associated with these models are given. 

Thee state model and the trait model are combined in the ITS model. Characterist ic 
off  this new model is that the way individuals differ from themselves is not necessar-
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ilyily  identical across individuals, and the way individuals differ from themselves is not 

necessarilynecessarily identical to the way individuals differ from each other independently of 

temporaltemporal effects. 

6.2 .11 T h e s t a te mode l: A n in t ra indiv idua l approach 

Too introduce the state model, we present an example. Suppose that daily for several 
monthss an individual indicates how much (s)he was displaying shy behavior and silent 
behavior.. Both behaviors have been identified as indicative of Introversion (i.e., the 
oppositee of Extraversion. one of the factors of the Five Factor Model (FFM) of per-
sonality:: Borkenau k. Ostendorf. 1998). Such measurements are likely to exhibit some 
dayy to day variability, as the degree to which one is displaying certain behavior is not 
alwayss the same. The intraindividual variability in behavior is indicative of states, e.g.. 
s i tuat ionss in which the individual encountered (Buss <L- Craik. 1983: Reynolds k Kar-
raker.. 2003). and moods experienced by h im/her. Here, we distinguish between two 
kindss of states: states that, influence multiple behaviors, which we call common states. 
andd states that influence onely one behavior, which we call unique states. Suppose our 
individuall  was engaged in a social situation, in which (s)he felt uncomfortable and 
insecure.. As a result. (s)he behaved both shy and silent. Thus, the state (feeling un-
comfortablee in a social situation) influences multiple behaviors (both shy and silent). 
Suchh a s ta te classifies as a common state. In contrast, suppose our individual spent 
mostt of the day writing a scientific paper. Then. (s)he is likely to have behaved silent 
t hatt day, but the amount of shy behavior was not affected by the fact that (s)he was 
workingg on a paper that day. Thus, the state (working on a paper that day) has influ-
encedd only one behavior (i.e.. silent, but not shy). Such a state qualifies as a unique 
state. . 

Iff  we define all states (both common and unique) as deviations from someone's 
meann score, we can view the observation made in a particular individual at a certain 
occasionn as a function of his/her mean and his/her deviation from this mean, which 
iss at t r ibutable to both common state(s) and a unique state, 

observationn — intraindividual mean + common state(s) + unique state. 

I tt is convenient to write the relationships between multiple observed variables and 
(possibly)) multiple common states simultaneously. To this end. we use K to indicate 
thee vector with common states. This vector is weighted with T. which is a matr ix 
thatt contains the regression coefficients in the regression of the observations on the 
commonn states. This weighting is necessary because the effect of a certain common 
s ta tee may be larger on one behavior than on the other. The vector u is used to indicate 
thee unique states. We can write the relationship between the observed variables y of 
individuall  i at occasion t as a function of his/her mean vector, and his/her common 
andd unique states. This results in a s tate model by which the temporal deviations 
fromm the intraindividual mean can be modeled (cf. Baldwin. 1946. Cattell et al.. 1947. 
Cattel l.. 1967, Hooker et al.. 1987). The intraindividual moments associated with the 
s ta tee model are defined in Equations 6.11 and 6.13 in Appendix 6.A. The state model 
forr individual i is 

yaya = Vi + TtKit + vit , (6.1) ) 
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Fig.. 6 .1. Path diagrams of three different intraindividual factor structures. The first individual is 
characterizedd by a single factor structure. The other two individuals are characterized by a two-factor 
structure,, but their nature of their factor structures differs. 

wheree t = . . .. —2, —1,0,1,2,... stands for occasion. By definition the mean of the 
commonn states over time (i.e., E( [KJ ( ] ) and the mean of the unique states over time 
(i.e.,, E([i/;;]) are zero-vectors. Hence, the vector fi% contains the intraindividual means 
off  subject i over time on the observed variables, i.e., Ef[y;j ] = fX{. The matrix I \ may 
bee viewed as a matrix with factor loadings that indicates the number and nature of 
commonn states Kj. The covariance matrix of the common states is Et[K,tn'a} =  11,-. The 
vectorr with residuals vn represent the unique states, i.e., states that are measured by 
onee indicator only. As a result, the covariance matrix of the unique states Et[vi tv'it]  = 
Hjj  is a diagonal matrix. By definition the common states and the unique states are 
uncorrelated. . 

Thee model matrices associated with Equation 6.1 (i.e., I \ . II , and 2,) contain 
aa subject index, implying that they may differ across individuals. To illustrate the 
implicationss of this, three possible intraindividual state structures are graphically rep-
resentedd in Figure 6.1. Suppose the six observed variables (indicated by squares) repre-
sentt markers of Extraversion and Neuroticism. two factors of the FFM of personality 
(McCraee & John, 1992): the first three observed variables are 'shy', 'reserved', and 
'silent',, which are indicators of Introversion (the opposite of Extraversion), and the 
latterr three are the variables 'irritable', 'vulnerable', and 'bad-tempered', which are 
indicatorss of Neuroticism. 

Individuall  A is characterized by a one-factor model. Assuming that the factor 
loadingss are all positive, this factor could be interpreted as a general negative behavior 
factor.. This implies that individual A is likely to either show all negative behaviors 
together,, or no negative behaviors at all. In contrast, individual B is characterized 
byy a two-factor structure: the first factor K\ consists of the indicators of introversion, 
whilee the second factor K2 consists of the indicators of neuroticism. These factors are 
correlatedd as indicated by 7T2i, which may represent a positive or negative relationship 
betweenn the amount of daily introversion and neuroticism displayed. Individual C is 
alsoo characterized by a two-factor structure, but of a rather different nature. The first 
factorr K\ is comparable to the single common state of individual A. simply implying 
thatt negative behaviors are likely to appear together. But the second factor K2 has as 
itss indicators 'reserved', 'irritable' and 'bad-tempered'. This factor could be interpreted 
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ass a hostility factor. This illustrates that individuals may differ from each other with 
respectt to the number and/or nature of common states, as well as the covariance 
structuress of the common states. Such differences are indicative of different processes 
underlyingg the pat terns of behavior, i.e.. they represent interindividual differences in 
st ructuree of intraindividual variability. 

Thee model in Equat ion 6.1 may be complemented by including sequential rela-
t ionship,, i.e.. relationships between variables at different occasions. For instance, if an 
individuall  displays a vast amount of neurotic behavior one day. (s)he may be more (or 
less)) likely to behave neurotic the following day. Also, the amount, of neurotic behavior 
displayedd one day may have a elevating (or dimming) effect on the amount of introvert 
behaviorr the following day. There are several ways to model such sequential depen-
dencyy (Browne &: Nesselroade. in preparation; Molenaar. 1985; Nesselroade et al.. 
2002;; Nesselroade & Molenaar, 2003). Here, we present a relatively simple sequential 
model,, by which the current common states K,t are regressed upon the previous com-
monn states Ki.t-i. This sequential structure in combination with Equation 6.1 can be 
calledd a multiple indicator first order vector autoregressive (MI VA R (1)) model (also 
knownn as the direct autoregressive dynamic factor model, see Nesselroade et al.. 2002. 
andd as the process factor analysis model, see Browne <k Nesselroade. in preparat ion). 
Thee sequential dependency is modeled as 

KitKit  = * i« i . f - i +t>it  - (6.2) 

againn for fixed i. The vector in contains residuals, i.e., the part of KU which can not 
bee predicted from K^-I. These residuals are by definition independent of previous 
residualss and common states, and its covariance matr ix Ef[i,f<4] = U* . is a diago-
nall  matr ix. The elements in the matrix 3>; determine the sequential structure of the 
commonn states. 

Too i l lustrate the implications of the sequential relationships defined in Equation 6.2. 
wee give two examples in Figure 6.2. For both individuals 3 occasions are represented, 
i.e.,, occasion t, the previous occasion t — 1, and the following occasion t+ 1. We assume 
thatt the six observed variables (indicated by squares) represent the same variables as 
inn the previous example, i.e., 'shy', 'reserved', and 'silent' as indicators of Introversion, 
andd ' irr i table', 'vulnerable', and 'bad-tempered' as indicators of Neuroticism. Both 
individualss are characterized by the same two-factor model, where Ki represents In-
troversionn and K2 represents Neuroticism. However, they differ with respect to their 
sequentiall  structures. 

Thee first individual is characterized by an absence of sequential relationships, im-
plyingg that, for this individual every day is a new day. and (s)he is not bothered by 
thee amount of introversion and neuroticism experienced the previous day. In contrast, 
thee second individual is characterized by sequential relationships between the common 
states,, implying that his/her current s tate depends to some extent on his/her previous 
state.. It takes this individual longer to "wash out" situational effects. The sequential 
relationshipss may take on different forms. For instance, the amount of neurotic be-
haviorr one day may have a dimming effect on the amount of introvert behavior the 
followingg day (i.e., <pi2 < 0), while the amount of introvert behavior one day has no 
influencee on the amount of neurotic behavior the next day (i.e., 021 — 0). In short, all 
thee sequential relationships between common states at successive occasions (so either 
betweenn the same common state, such as neurotic-neurotic and introvert-introvert, 
orr between different common states at successive occasions, such as neurotic-introvert 



Fig.. 6.2. Path diagrams of two different intraindividual sequential structures of the common 
states.Thee top represents an individual whose state is not influences by previous states, that is, every 
dayy is experienced as a new day. The bottom represents an individual who is influenced by his/her 
statee at the preceding occasion. 
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andd introvert-neurotic) may be positive, negative or zero. These relationships represent 
distinctt intraindividual processes. 

Soo far three kinds of interindividual differences stemming from the state model in 
Equat ionss 6.1 and 6.2 have been discussed: (a) differences in number and nature of 
commonn states, (b) differences in covariation of common states, and (c) differences in 
sequentiall  dependency of common states. These can be summarized as interindividual 
differencess in structure of intraindividual variability. A fourth kind of interindividual 
differencee associated with the state model is the amount of intraindividual variability. 
Thiss may be expressed in any or all model matrices, i.e.. I \ . I I , . 3 ; . U, and/or <!>,. 
Individualss who display littl e intraindividual variability can be said to be "traited", 
i.e.,, their behavior is to a large extent characterized by their trait score (Baumeister 
SzSz Tice. 1988: Bern &:  Allen. 1974). In contrast, individuals who are characterized by 
moree intraindividual variability may be more susceptible to situational influences and 
manipulat ionss of states, which Baumeister and Tice called ,' (Baumeis-
terr ic Tice. 1988). However, a large intraindividual variability is not necessarily the 
resultt from untrai tedness. but can also stem from large situational variability, which 
inn turn may be the result of an individual's variation seeking behavior. 

6.2 .22 T h e t ra i t mode l: A n in ter ind iv idua l approach 

Thee state model defined in Equations 6.1 and 6.2 accounts for an individual's temporal 
depar turee from his/her average /x,-. This intraindividual mean is by definition invariant 
overr t ime, and it represents the tendency of an individual to display certain behavior. 
Notee that this mean is obtained for each observed variable separately, in contrast to the 
averagingg previously proposed in psychological l i terature (e.g.. Fleeson. 2001), where 
averagingg takes place at the level of the construct (i.e., the sum score is averaged over 
t ime).. The implications of this difference are touched upon in the third section, below. 

Becausee the tendency to behave in a certain way is considered a defining feature 
off  trai ts (e.g., Spielberger & Sydeman, 1994), //, can be interpreted as the trait score 
off  individual i. Differences between individuals in their trait scores stem from trait 
differences.. We distinguish between two kinds of traits: trai ts that are measured by 
multiplee indicators, which we call common traits, and trai ts that influence only one 
behavior,, which we call unique traits.1 An example of a common trait is Introversion 
whichh is determined by both the average level of shy behavior and the average level of 
silentt behavior. Introvert people tend to behave more shy and silent in most situations 
mostt of the t ime, result ing in high averaged levels of shy and silent behavior. However, 
aa port ion of the difference between individuals with respect to their average silentness 
iss unrelated to their Introversion (and thus unrelated to their average shyness). Some 
peoplee tend to be silent most of the t ime just because they enjoy listening to others. 
Thus,, averaged silent behavior is only to some degree determined by the common trait 
Introversion.. There is also a part of silentness that is unrelated to the other behaviors 
andd this is called a unique trai t. 

Iff  we define all t ra i ts, both common and unique, as deviations from the grand mean, 
i.e... the mean across individuals, then we can write an individual's averaged amount 
off  a certain behavior as a function of the grand mean and his/her deviations to it , 

11 Note that our use of the term unique trait is rather different than the use proposed by Allport 
(1946)) and others, where unique trait referred to an individual's characteristic that was not shared 
byy others, such as a six-fingered hand. 
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whichh is at t r ibutable to common trait(s) and a unique trait. 

intraindividuall  mean = grand mean + common trait(s) + unique trait . 

Wee can write the relationships between multiple intraindividual means and multiple 
commonn trai ts and unique trai ts simultaneously. To this end we use (3 to indicate the 
vectorr with (multiple) common trai ts. These are weighted with A . which is a matr ix 
off  factor loadings, i.e., regression coefficients of the regression of the intraindividual 
meanss on the common traits. The unique trai ts represent the parts of the intrain-
dividuall  means that could not be explained by the common traits. Another way of 
conceptualizingg these unique trai ts is as systematic error, as they are measured by a 
singlee indicator, and do not. vary over t ime. 

Thiss results in a trait model with which the interindividual differences in intrain-
dividuall  means can be modeled (i.e.. the time-invariant interindividual moments, as 
definedd in Equations 6.f9 and 6.21 in Appendix 6.A). This trait model2 is 

tntn = n + A/3i + & . (6.3) 

wheree i = 1.2 Note that there is no time index in Equation 6.3. That is. all 
variabless are independent of time. The intraindividual means of individual i depend 
onn a vector with intercepts jx, his/her latent scores /3,-. and his/her residuals £  By 
definition,, Et[/3i] and Ei[£«] are zero vectors, so it follows that the vector /x is the 
meann of intraindividual means across individuals, that is. E,[/i,] = fx. with elements 
definedd as in Equation 6.19 (Appendix 6.A). The covariance matr ix of the common 
trai tss is E,'[/3;/3j] = fï . The covariance matr ix of the unique trai ts. E,-[£,-£j'] = T . is by 
definitionn a diagonal matr ix. Also by definition, the common trai ts and unique trai ts 
aree uncorrected. 

Thee trait model provides insight into the manner in which individuals differ quanti-
tativelyy from each other, regardless of temporal interindividual differences. The factors 
thatt are obtained with the trait model are dimensions on which individuals have dif-
ferentt locations. Because the trait model describes how individuals differ with respect 
too their average (i.e.. irrespective of temporal effects), it is a particularly useful model 
iff  one wishes to compare individuals and determine their position relatively to a group 
norm,, without the 'contamination' of situational effects. 

6.2.33 T h e IT S model: Comb in in g t h e in t ra ind iv idua l and t h e 
in ter ind iv idua ll  approaches 

Wee propose to integrate the state model (Equations 6.1 and 6.2) and the trait model 
(Equationn refeq6.3) into a single formal model in which the standard interindividual 
momentss associated with a single occasion can be described (as defined in Equations 
6.155 and 6.17 in Appendix 6.A). This new model, which we call the ITS model, is 

__ f fi + A/3, + 0 + Ti*it  + t/it ,6 n 
II  gram! mean + common traits + unique traits + common states + unique states 

wheree * = 1.2. . .. indicates the individual, and t = .... —2. — 1.0. 1. 2 . .. . indicates the 

occasion.. Hence, the vector of observed scores of subject i at occasion t is a function 

22 Cattell suggested this method, which he called averaged R-technique. once (see Cattell. 1967). 
However,, he never developed it into a formal model. 
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off  the grand mean \x (with the elements as defined in Equation 19), the individual's 
commonn trait scores /3Z. h is/her unique trait scores £,-, his/her common state scores 
KiKi tt at occasion f, and his/her unique state scores va at occasion r. 

Inn Figure 6.3 a graphic representation of the ITS model is given. Assume the six 
observedd variables are the same as in the examples above, i.e.. the first three variables 
aree 'shy', 'reserved', and 'silent' as indicators of Introversion, and the latter three 
variabless are ' irr i table', 'vulnerable', and 'bad-tempered' as indicators of Neuroticism. 
Thee top part represents the state model of a part icular individual i, and it may differ 
fromm that of other individuals. This person is characterized by an intraindividual two-
factorr model identical to that of individual C in Figure 6.1. Hence, the first common 
sta tee K\i represents a general negative behavior factor and the second common state 
K'2.,K'2., can be interpreted as a hostility factor. The bot tom part of Figure 6.3 represents 
thee trait model that describes time-invariant interindividual differences. In this case, 
thee trait model is a two-factor model, where the first common trait p\ represents 
thee tendency to behave introverted and the second common trait 82 represent the 
tendencyy to behave neurotically. This part of the ITS model can be used to compare 
individualss quanti tat ively to each other. For instance, if one wants to determine who 
off  a pair of individuals tends to behave more neurotically than the other. Also, it can 
bee used to compare an individual to a norm, for instance, if one wants to determine 
whetherr a part icular individual is more likely to behave introverted than the norm 
inn the populat ion. It is important to realize that all these comparison pertain to the 
average:: It does not imply that if an individual has the tendency to behave more 
introvertt than is custom in the population, (s)he wil l always and in every situation 
behavee more introvert. 

Thee s ta te structure of individual i in Figure 6.3 does not coincide with the trait 
s t ructuree that describes the time-invariant differences between individuals. This im-
pliess that the way in which this individual differs from himself/herself is not identical 
too the way individuals (in the population that individual i belongs to) differ from each 
otherr when temporal effects are eliminated. Even when all individuals prove to have 
thee same state structure, and we could suffice with one general state model, this is 
nott necessarily identical to the trait model. For instance, it is possible that all individ-
ualss differ from themselves over time on the six variables identical to our individual 
C.. Then, we conclude that the state model in Figure 6.3 is universal. However, this 
inn no way implies that the trait structure is of the same nature: The trait structure 
couldd be identical, but it could just as well be of a different nature, for instance, the 
two-factorr s t ructure as indicated at the bot tom of Figure 6.3, or any other factor struc-
ture.. The fact is that in the ITS model, the trait structure and the state structure are 
independentt of each other: Knowing one does not imply knowledge about the other. 

6.33 The IT S model and standard factor  analysis 

Factorr analysis is a technique that is often used to investigate the trait structure, 
whichh is determined by the general dimensions underlying interindividual differences 
t hatt are t ime-invariant. An assumption underlying the use of this technique is that 
intraindividuall  variability behaves like random error when averaged across individuals 
(Lordd & Novick, 1968: Meijer, 1994). In this section we show what happens when 
d a taa generated by the ITS model are analyzed with standard factor analysis. The 
centrall  issue here is. what determines the factor structure in ordinary factor analysis 



Fig.. 6 .3. Path diagram of an ITS model. Top represents the state model of a fixed individual i. 
Bottomm represent the trait model. Although both the state model and the trait model have the same 
numberr of factors, their nature differs. This is characteristic of the ITS model 
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whenn data are generated by the ITS model? Is the factor structure determined by 
thee trait structure, the (averaged) state structure, or some combination of these? We 
discusss several specific variants of the ITS model and indicate what happens when the 
observationss generated by these variants are analyzed in standard factor analysis. 

Inn standard factor analysis (cf. Jöreskog k Sörboni. 1996). the model that is fitted 
is s 

yytttt = at 4- AfTiit 4- e,t . (6.5) 

Althoughh not customary, we include the time index t to point out that it is the structure 
att a single measurement occasion. The observation of a subject i at occasion f is 
modeledd as a function of the grand mean (across subjects) at occasion / (i.e.. at). 
off  his/her factor scores at occasion t (i.e.. rjn). and his/her residuals at occasion t 
(i.e... en). By definition the mean factor scores and the mean residual scores across 
subjectss at occasion t. i.e.. E,[ï7,f] and E;[e! f ] are zero vectors, and the eovariances 
betweenn the factors and the residuals are zero. The covariance matr ix of the common 
factorss at occasion t is E,-^,^, ' ,] = t̂ and the covariance matr ix of the residuals. 
Ei[eiEi[ei tte'e'jtjt]]  = & t- is a diagonal matrix. It follows that the covariance structure is 

£ ,, = A , * , A {  + 0 , . (6.6) 

Basedd on the ITS model in Equation 6.4. it can be shown that the covariance 
matr ixx of yit at one occasion (i.e.. f is fixed) across subjects, can be expressed as (see 
Appendixx 6.B. for the derivation of this expression) 

£ ,, = A f i A ' + T + E ^ n . - r ; ] + S*  . (6.7) 

wheree E,- indicates the expectat ion across subjects, and E, is the mean across subjects 
off  the intraindividual residual covariance matr ix E,. Thus, the covariance structure 
acrosss subjects at an occasion is determined by both the covariance structure of stable, 
trait- l ikee differences between them (i.e.. the first two expressions on the right-hand 
side),, and some average of their state-like covariance structures (the last two expression 
onn the r ight-hand side of Equat ion 6.7). 

Noww we have two expressions for the covariance matr ix "Et- one based on the stan-
dardd factor model (Equation 6.6). and one based on the ITS model (Equation 6.7). If 
wee equate these, we get 

A ^ A ;; + e, = ArjA' + T + E,- [r,n,r;] + s». (6.8) 

Inn standard factor analysis, it is assumed that the factor model represents the trait 
s t ructure.. From Equat ion 6.8 it can be seen that this would imply A ?* ( A {  = AS IA ' . 
Th iss follows from the assumption that, although state fluctuations may be generated 
byy a common factor structure at the intraindividual level (i.e.. r , n , T ' ). they behave 
lik ee random error in a large group (Lord k Novick. 1968: Meijer. 1994). Put differently, 
i tt is assumed that S*  = E, [ r , I I ,T j ] +E* . is a diagonal matrix. As a result. & t — T + S* 
iss a diagonal matr ix, with T as the systematic error, also called specificity (Lord k 
Novick.. 1968). and S* behaving like random error. 

Becausee E; is defined as a diagonal matr ix for all i. E*  is necessarily diagonal too. 
However.. E, [ r jTI ;T ] wil l only be a diagonal matr ix if for each pair of variables, the 
totall  sum across individuals of intraindividual eovariances is zero. Thus, the covariance 
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betweenn variable g arid variable h for a fixed individual / may differ significantly from 
zero,, but the expectation over subjects must be zero, i.e., Ej [(T,-,s/,] = Ü (where cr,.9/, 
iss the covariance for subject i between variables g and h. with g / h. see Equation 
6.13,, with k — 0). However, there are many situations in which this assumption is not 
tenable.. For instance, if we look at two items of a questionnaire, say 'nervous' and 
' j i t tery',, we expect that most individuals at most occasions wil l behave more j i t tery 
whenn they are more nervous, and vice versa. Thus we expect to find a positive int rain-
dividuall  covariance for most individuals. But then the expectation across individuals 
off  this covariance wil l be positive too. Hence, the assumption that the mean across 
individualss of the intraindividual factor structures wil l result in a diagonal matr ix is 
nott tenable: Although it may be t rue that, in specific cases, the intraindividual state 
variationn behaves like random error when averaged across individuals, we can certainly 
nott assume this is always the case. 

Iff  the term E; [ r ^ n ^ r ' ] does not result in a diagonal matrix, it wil l add to the factor 
structure.. That is. Xt t̂X\ is not only determined by the trait structure1 A fJA ' . but 
alsoo by the average (across individuals) of the state structure E , [ r , T I , r - ] . To what 
extentt it represents the one or the other, depends on the amount of (co-)variance that 
iss accounted for by either structure. In the next section we show how one can determine 
too what extent the interindividual differences represent stable, trait-like differences, 
andd to what extent they represent temporal, state-like differences. 

Thee expression in Equation 6.7 can be further simplified by assuming the state 
structuree is the same for all individuals, thus Ti = Tj = T, This could be called the 
ITSITS model with a general state structure. This implies that the way individuals differ 
fromm themselves is identical across individuals, and there is a universal state model. 
However,, this general state model does not have to be identical to the trait model, 
thatt is. the way individuals differ from themselves is not identical the way they differ 
fromm each other irrespective of temporal effects. The ITS model with general state 
structuree is 

£,, - AftA '  + T + rri tr '  + E* . (6.9) 

wheree I I *  — E,[II, ] . If the model in Equation 6.9 holds, and standard factor analysis 
iss used, the resulting factor structure is determined by the trait structure and the 
generall  state structure, i.e.. A f * f A' , = AHA'  + TEUT'. 

AA further simplification arises if the general state structure1 is equivalent to the 
traitt structure, i.e.. T = A . This could be called the ITS model with identical trait 
andand state structures. If such a model is true, this implies that individuals differ from 
eachh other irrespective of temporal effects along the same dimensions as they differ 
fromm themselves over time. This model is 

£ (( = A f i A ' + T + A n , A ' + 3 , 

== A ( f t + n * ) A ' + T + E, . (6.10) 

Inn this case, standard factor analysis would result in Af = A , $>t — S~2 + II* , and 
&t&t  = T + E». that is. the variance of the factors contain both trait-like variance (ft) 
andd state-like variance (II*) , and the measurement errors contain systematic error 
( T )) and random error (E*) . This version of the ITS model with identical trait and 
statee structures is in line with the structural equation modeling approaches by Hertzog 
andd Nesselroade (1987) and Steyer et al. (1990; Schmitt & Steyer. 1993). which are 
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alsoo based on the assumptions that the state structure is invariant across individuals, 

andd that it is identical to the trait structure. However, it is clear that this is a very 
restrictedd version of the ITS model. 

6 .44 I l l u s t r a t i o n 

Too il lustrate some of the points made above, we include an empirical example based 
onn the Borkenau-Ostendorf da ta set. This da ta set came about through the repeated 
administrat ionn (90 days) of the same questionnaire to the same 22 individuals. The 
questionnairee consists of 30 markers of the FFM (6 items per t ra i t ). The individuals 
weree instructed to indicate on a 7-point Likert scale how true the description was for 
theirr behavior that day. The day to day intraindividual variation in behavior can be 
interpretedd as state-like variability. By averaging the daily displayed behavior of an 
individuall  the tendency to behave in a certain way can be determined. This tendency 
mayy be interpreted as the individual's trait score. 

Inn this section we begin by showing how much of the total observed interindividual 
variancee is at t r ibutable to trait differences, and how much is caused by temporal, 
state-likee differences. Next, we determine the trait structure, using the intraindividual 
means.. We end by investigating whether the state structure is identical to the trait 
structure. . 

6.4 .11 Sources of var iance 

Too get an impression of the degree to which the differences between individuals repre-
sentt state fluctuation, and to what extend they represent trait-like differences between 
individuals,, we decomposed the variances of all 30 items separately. We calculated 
threee kinds of variation measures that follow^ from the definitions of trait and state as 
employedd in this Chapter. First, we calculated a measure of total variance. This con-
sistss of determining the across individual variance at every occasion separately (i.e.. 
t hee standard interindividual variance, see Equation 6.18 with g = h and t — r ) . and 
thenn averaging it across occasions.3 Second, we calculated a measure of state variance. 
Thiss was obtained by determining the intraindividual variance for each individual 
separatelyy (see Equat ion 6.14 with g = h and k — 0), and then averaging it across 
individuals.. Third, we calculated a measure of trait variance. This was obtained by 
determiningg the variance of the intraindividual means (see Equation 6.21. with g = h). 
Notee that we limi t ourselves to the investigating of variances, but the same procedure 
couldd be followed to investigate the covariances, i.e., when g ^ h. 

Fromm Figure 6.4 i t is clear that the total variance is the sum of the state variance 
andd the trait variance (i.e., the left bar is the sum of the middle and the right bar). 
I tt can be seen that state accounts for more of interindividual variance than trait does 
forr most variables. This implies that these FFM indicators in combination with a 
s ta tee instruction result in measurements of interindividual differences that represent 
moree state-like differences than trait-like differences. I t is important to realize that 
thiss result applies to the averaged state variance: Given the relatively large standard 

33 Another measure of total variance could have been obtained by calculating the variance across 
individualss and occasions. However we chose to calculate the mean (across occasions) of total 
variancee across individuals, as one usually obtains an interindividual variance associated with only 
onee occasion. 
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Extraversion n Neuroticism m 
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Fig.. 6.4. Total variance per item divided into state variation and trait variation. Left bar repre-
sentss mean (over time) of interindividual variance, i.e.. the total variance. The standard deviations 
(overr time) is also given. Middle bar represents mean (over individuals) of intraindividual variance, 
i.e... the state variance. The standard deviations (across individuals) is also given. Right bar rep-
resentss variance (across individuals) of intraindividual mean, i.e., the trait variance. Abbreviations 
fromm the extraversion factor stand for: DY=dynamic, SO=sociable, SH=shy, SI=silent, Ll=lively , 
RE=reserved.. Abbreviations from the neuroticism factor stand for: IR=irr i table. EM=emotionally sta-
ble,, CA=calm, BA=bad-tempered, RE=resistent, VU=vulnerable. Abbreviations from the agreeable-
nesss factor stand for: SE=selfish, GN=good-natured, DO=dominering, HE=helpful, OB=obstinate, 
CO=considerate.. Abbreviations from conscientiousness factor stand for: LA=lazy, IN=industrious. 
PE=persistent,, REC=reckless, CH=changeable, RES=responsible. Abbreviates from the intellect 
factorr stand for: UNIM=unimaginative, WI=witty , KN=knowledgeable, PR=prudent, FA=fanciless, 
UNIN=uninformed. . 

deviationss of the intraindividual variances, we can conclude that there are individuals 
whosee intraindividual variability is smaller than the trait variability. 

6.4.22 Investigating the interindividua l trai t structur e 

Too investigate the interindividual trait structure we need to submit the intraindividual 
meanss to a factor analysis. However, since only 22 subjects were observed, while there 
aree 30 variables, the standard covariance matrix of these intraindividual means would 
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nott be positive definite and thus would not be fit for factor analysis. In such cases a 
proceduree based on suggestions made by Theil and Laitinen (1980) can help to obtain 
aa robust est imator of the covariance matr ix. We used our own FORTRAN program 
basedd on Theil and Laitinen (1980). and obtained an estimate of the covariance matr ix 
whichh was positive definite. We used this covariance matr ix in an explorative five-factor 
analysis,, to determine the trait structure. We applied oblique Procrustes rotation to 
thee 5 factor solution based on the FFM. The solution is represented in Table 6.1. Al l 
factorr loadings smaller than .35 were omitted to ease presentation. 

Tab lee 6 . 1. 

Fivee Factors 

Extraversion n 

Neuroticisin n 

Agreeableness s 

Conscientiousness s 

Intellect t 

item m 

dynamic c 
sociable e 
lively y 
sin--
silent t 
reserved d 

irritable e 
bad-tempered d 
vulnerable e 
emotionallyy stable 
resistent t 
calm m 

good-natured d 
helpful l 
considerate e 
.selfish h 
doniinering g 
obstinate e 

industrious s 
persistent t 
responsible e 
lazv v 
reckless s 
changeable e 

witty y 
knowledgeable e 
prudent t 
unimaginative e 
faiiciless s 
uninformed d 

1 1 

.55 5 

.64 4 

.88 8 

-.62 2 
-.62 2 

.51 1 

.42 2 

.46 6 

-.39 9 

F F 
2 2 

.62 2 

.53 3 

.81 1 

.64 4 

.72 2 

.44 4 

r r 

3 3 

--

.37 7 

.72 2 

.94 4 

.49 9 

4 4 

.43 3 

.44 4 

.61 1 

.55 5 

.92 2 

.59 9 

5 5 

.45 5 

.60 0 

.43 3 

.36 6 

.42 2 
53 3 

.45 5 

.45 5 

.45 5 
-.79 9 
-.88 8 
-.63 3 

Tabl ee 6.1. Solution after oblique Prorrust rotation of FFM on covariance matrix of intraindividual 
means.. All factor loadings smaller than .35 in absolute value where omitted. 

Ass can be seen from Table 6.1, the pat tern resembles the FFM structure to a 

reasonablee degree. Bearing in mind that this is a solution based on the covariance 
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matr ixx of only 22 individuals, we interpret this result in support of the FFM as the 
t ra itt structure. 

6.4.33 Inves t iga t ing t h e in t ra ind iv idua l s t a te s t ruc tu r e 

Too investigate whether the state structure is identical to the trait structure, we se-
lectedd eight individuals (from the total of 22). These individuals had scores that were 
approximatelyy normally distr ibuted for all 30 items.4 For each individual we fitted 
aa series of models, start ing with the independence model, where all the covariances 
betweenn the variables are fixed to zero. This is the model one would expect if the 
fluctuationss over time within an individual are just random error. The other models 
wee fitted can be divided into two classes: models based on the FFM, and models that 
weree based on exploratory analyses. The exact procedure of the latter is described in 
Hamaker,, Dolan, and Molenaar (in press; see also Chapter 5). In both classes we fitted 
modelss without sequential relationships (analogue to the model in the top of Figure 
6.2)) and with sequential relationships (analogue to the model at the bot tom of Figure 
6.2). . 

Too fit these models we used our own FORTRAN program,5 which is a straight-
forwardd implementation of Harvey's Kalman filter (1989). Because not all of these 
modelss are nested, we used Akaike's Information Criter ium (AIC; Akaike, 1973) and 
thee Bayesian Information Criterium (BIC; Schwarz, 1978) to compare them. In Table 
6.22 we present the results of these intraindividual analyses. 

Fromm Table 6.2 we conclude that there is no general state structure and that the 
statee structure and the trait structure (as presumed, based on the FFM) are not 
identical.. There are two out of eight individuals (i.e., subjects 2 and 13) who's s tate 
structuree is better described by a model based on the FFM than an individually 
developedd model (although they differ in the number of significant covariance between 
thee five common states). Four individuals (7, 8. 14, and 22) are clearly characterized 
byy sequential relationships between their state, implying that their behavior today is 
too some extend dependent on their behavior yesterday. Three individuals (1 ,2 and 13) 
doo not show such sequential relationships, and for one individual (19) the AI C and 
BI CC give mixed results concerning the sequentiality. For none of the individuals is the 
independencee model the best model, indicating that the intraindividual variability can 
nott be casted away as random error. 

6.4.44 Conc lus ion 

Thee organization of variables within individuals is not adequately represented by the 
interindividuall  structure (cf. Baldwin, 1946; Epstein, 1979; Galtung, 1967). While 
somee individuals' state structures correspond to the trait structure, most individuals 
weree characterized by common states that clearly differed in number and nature from 
thee common trai ts. Given the pat tern of their factor loadings, these state factors 
couldd not be interpreted as the fusions of two (or more) of the original FFM factors. 
Thus,, we conclude that there was no evidence found for the assumption that daily 

44 The other subjects either showed littl e variation, a very skewed distribution, or a dichotomous 
distributionn on at least one of the items. Although each of these results can be dealt with, the exact 
maimerr in which this should be done is beyond the scope of this thesis. 

'' This program may be freely downloaded at http://users.fmg.uva.nl/cdolan/ . 

http://users.fmg.uva.nl/cdolan/
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Tabl ee 6.2. 

individuall  model 

1 1 

2 2 

7 7 

8 8 

13 3 

14 4 

19 9 

22 2 

IM M 
FFM-P P 
FFM-VAR R 
IN-P P 
IN-VA R R 

IM M 
FFM-P P 
FFM-VAR R 
IN-P P 
IN-VA R R 

IM M 
FFM-P P 
FFM-VAR R 
IN-P P 
IN-VA R R 

IM M 
FFM-P P 
FFM-VAR R 
IN-P P 
IN-VA R R 

IM M 
FFM-P P 
FFM-VAR R 
IN-P P 
IN-VA R R 

IM M 
FFM-P P 
FFM-VAR R 
IN-P P 
IN-VA R R 

IM M 
FFM-P P 
FFM-VAR R 
IN-P P 
IN-VA R R 

IM M 
FFM-P P 
FFM-VAR R 
IN-P P 
IN-VA R R 

22 log L p AIC BIC 

21788 30 2238 2313 
9866 66 1118 1283 

11066 65 1236 1398 
9588 70 1098 1273 

10111 69 1149 1322 

15488 30 1608 1683 
6144 64 742 902 

--
6888 63 814 972 
6888 63 814 972 

33388 30 3398 3473 
23355 70 2475 2650 
24900 61 2612 2764 
22600 68 2396 2566 
22566 68 2392 2562 

39388 30 3698 3773 
29688 70 3108 3283 

--
29299 64 3057 3217 
29044 66 3036 3201 

42966 30 4356 4431 
34466 66 3578 3743 

--
34522 65 3583 3745 
34699 64 3597 3757 

64844 30 6544 6619 
38155 70 3955 4130 

--
33388 89 3516 3739 
33122 90 3492 3717 

42899 30 4349 4424 
29177 68 3053 3223 
31688 61 3290 3443 
28233 78 2979 3174 
28433 72 2987 3167 

33833 30 3443 3518 
27422 63 2868 3026 
27988 63 2924 3081 
26966 62 2820 2975 
26744 63 2800 2958 

Tabl ee 6.2. Results from state structure analyses of 8 individuals. We fitted a series of models to the 
dataa of each individual separately. The first model is the independence model (IM) . This serves as a 
basee line model, in which the intraindividual variability is modeled as random error. Then we fitted 
severall  models based on the FFM, and several individually developed models (IN). In these models, 
thee factors were either correlated within a measurement occasion (analogue to the model at the top 
off  Figure 6.2), or contained sequential relationships (analogue to the model at the bottom of Figure 
6.2).. If these correlations or sequential parameters were not significantly different from zero, we fixed 
themm to equal zero. For each model the minus two times the log likelihood (-2 log L) and the number 
off  parameters estimated in the model (p) are given. In addition, the AIC and the BIC were calculated 
(A IC= == -2log{L) + 2p and BIC=-21og(L) + log(T)p, where T is the length of the series, in this case 
90).. Models with lower AI C or BIC should be favored over models with higher AI C or BIC. Italics 
indicatee which model described the data best for an individual according to the AIC or BIC. 
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intraindividuall  variability necessarily takes place along the same dimensions as the 
oness that describe trait differences between individuals. In addition, no indication 
wass found that individuals differ from themselves in an universal way. Therefore, we 
concludee that there is no general state model. Put differently, in this case the ITS 
modell  defined in Equation 6.4 can not be simplified to the more restricted versions in 
Equationss 6.9 or 6.10. 

6 .55 D i s c u s s i on 

Thee ITS model presented in this Chapter offers a method with which trai ts and states 
cann be linked, both analytically and theoretically. Contrary to presently available 
models,, it is not based on the assumptions that there is a universal state structure and 
thatt this state structure coincides with the trait structure. Some of the consequences 
stemmingg from this have been discussed and il lustrated above. Here, we discuss several 
addit ionall  implications of the ITS model. Also, we discuss how the ITS model may be 
extendedd to include trait change, and how it can help to bridge the gap between the 
trai t-mindedd and the process-minded in personality psychology (Meijer. 1994). 

6.5.11 Quan t i t a t i v e and qua l i ta t iv e in ter ind iv idua l di f ferences 

Wee distinguished three kinds of interindividual differences in intraindividual structure 
off  variability stemming from the state model defined in Equations 6.1 and 6.2. Of 
these,, differences in intraindividual factor loading matr ix Tt have the most far reaching 
consequences.. If I \ differs across i, this means that measurement invariance (Meredith, 
1993)) across individuals is absent/' so that same observed scores are not associated 
wit hh same latent scores. To il lustrate this, we look at individuals A and B in Figure 6.1: 
Individuall  A has a one-factor structure, while individual B has a two-factor structure. 
Thus,, for individual A we obtain one common state score at a particular occasion, 
whilee for individual B we obtain two common state scores. I t is clear that the states 
off  individuals A and B can not be compared in a quanti tat ive manner. 

Whenn r z differs across individuals, this implies that these individuals differ from 
themselvess over t ime on qualitatively different dimensions. Thus, the ITS model allows 
individualss to differ both quantitatively and qualitatively from each other. In differen-
tiall  psychology it is customary to assume that individuals are entities of the same kind, 
att least with respect to the variables involved (Boker & Nesselroade. 2002: Nesselroade, 

bb Measurement invariance is normally used in the context of comparing groups rather than individu-
als.. Another term that could be used to refer to measurement invariance across individuals is local 
homogeneityy (Borsboom, Mellenbergh, k: Van Heerden, 2003; Elli s & Van den Wollenberg, 1993). 
However,, Ellis and Van den Wollenberg use the expression local homogeneity for constructs that are 
traits,, defining trait scores as fixed over time. Thus, they assume that variation over time within an 
individuall  is measurement error only, in which case the intraindividual covariance structure would 
bee a diagonal matrix, and hence it would not be possible to estimate IV In contrast. Borsboom et 
al.. proposed to use the expression local homogeneity when the standard cross-sectional structure 
andd the intraindividual structure proved identical (Borsboom et a t, 2003). In the ITS model this 
wouldd imply that \ t = T, for all i (see Equation (i.8). To this end, either A = 0. that is, there is no 
traitt structure, or A = A( = r \ , that is, the trait structure and the state structure are identical to 
eachh other and to the cross-sectional factor structure. If we understand local homogeneity to mean 
thatt individuals with the same latent scores have the same expected observed scores, we can suffice 
withh the ITS model with general state structure as defined in Equation 6.9. 



1088 The integrated t ra i t -state model 

2002).. This assumption is considered essential if one wishes to make meaningful quan-
t i tat ivee comparisons between individuals (Elli s k Van den Wollenberg. 1993: Galtung. 
1967).. However, the ITS model allows individuals to be considered part ly as unique 
entit ies,, resulting in quali tat ive differences between them, while simultaneously allow-
ingg quanti tat ive comparisons to be made between them to the extent that they are 
entit iess of the same kind. 

6.5 .22 A n e x t e n s i on of t h e trai t concept 

Thee application of the trait concept in latent variable models (such as the factor 
model)) is usually restricted to a latent quanti tat ive dimension on which individuals 
cann be ordered or ranked (Elli s fc Van den Wollenberg. 1993: Hertzog k Nesselroade. 
1987:: Lord k Noviek. 1968: Steyer et al.. 1990). Alternatively, Fleeson (2001) proposed 
too use the term trait to refer to all sorts of intraindividual distributional parameters, 
suchh as means and variances of the constructs, providing these proved stable over 
t ime.. Here we propose to take Fleeson's suggestion one step further, and to consider 
stablee intraindividual pat terns of covariation as a trait-like property. This structure is 
representedd by I7,-. TI, and 4>,. The intraindividual factor loading matr ix T, and the 
covariancee matr ix of the common states IT, are indicative of the individual's pattern 
orr organization of behavior, thoughts and feelings. It provides a picture of what behav-
iors,, thoughts and feelings typically go together, which are exclusive of each other, and 
whichh are independent of one another for a particular individual. Because this pattern-
ingg may differ across individuals, it may serve as a defining feature of an individual. 
Similarly,, individuals may differ with respect to the sequential dependency of their 
states,, represented by <!>,. This implies that some individuals may be characterized 
byy the fact that they vary rapidly and are not influenced by situational aspects for a 
longg period of t ime. Other individuals may take longer to overcome situation effects, 
andd this inertia results in sequential dependencies between their states at successive 
occasions.. Clearly, such differences may be termed trait-like properties, as these are 
characteristicc features of individuals and do not vary over time. 

6.5 .33 Trai t change 

Thee ITS model presented in this Chapter accounts for trait-like and state-like proper-
tiess of interindividual differences. A third source of interindividual differences that we 
definedd is trait change. The IT S model can be extended in three ways to incorporating 
t ra itt changes. First, the model may be extended to include changing intraindividual 
means.means. This implies that an individual shows a certain behavior more (or less) often. 
Forr instance, as a child matures (s)he may show a decrease in behaviors associated 
wit hh tant rum fits, and an increase in behaviors associated with compromising. These 
changess may happen gradually, in the form of some smooth trend (Nesselroade & 
Boker.. 1994). or suddenly, in the form of phase transit ions (Van der Maas k Mole-
naar,, 1992). Another category of intraindividual mean changes are cyclic trends, for 
instance,, seasonal depression or effects of the menstruat ion cycle. However, one could 
alsoo argue that these reversible changes as very slow state variability. Of particular 
interestt could be the combination of the ITS model and the popular latent growth 
curvee model (Raudenbush, 2001: Raudenbush k Bryk. 2002). The latter can be used 
too model interindividual differences in intraindividual growth curves, and as such it 
couldd account for trait changes that, are not equal for all individuals. 
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AA second conceptualization of trait change consists of a changing intraindividual 
structure.structure. For example, a person first characterized by an one-factor model may even-
tuallyy be characterized by a two-factor model as a result of maturat ion and differen-
tiation.. Also, intraindividual sequential relationships may change, as the result of a 
successfull  intervention (Molenaar, 1987) or as the result of learning. A third kind of 
traitt change is a change in the amount of intraindividual variability; A decrease in 
variancee may be associated with being more stable, while an increase in variance may 
bee associated with an increased flexibility . Al l of these changes may be termed trait 
changess because they are associated with changes in individual characteristics that 
aree slow7 and (more or less) irreversible, and/or t ime invariant before and after that 
change. . 

6.5.44 Br idg in g th e gap b e t w e en t ra i t s and p rocesses 

Personalityy psychologists have been divided in those who view personality in terms of 
broadd trai ts that apply to everyone, and those who concentrate on processes. While 
thee former emphasize consistency over time and situations, the latter emphasize vari-
abilityy associated with situational features. Among those who strive to combine both 
consistencyy and variability in a single personality theory are Mischel and Shoda (1995) 
andd Cervone (2004). Mischel and Shoda indicated that two individuals who are char-
acterizedd by the same amount of (for example) assertive behavior across situations, 
theyy are not necessarily characterized by the same amount of assertive behavior in 
aa specific situation (cf. Bern &z Allen, 1974). This implies that, although they have 
thee same intraindividual mean score over situations, they have different "if .... then 
...*11 profiles (Mischel & Shoda, 1995). A more idiographic approach to determine the 
relationshipss between personality and situations comes from Cervone (2004). Cervone 
pointedd out that the "if .... then ..." study done by Mischel and Shoda (1995) is based 
onn the assumption that the situations and the responses that the investigators selected 
aree relevant to the personality of each individual. Cervone indicated that this assump-
tionn may not hold, and he proposed a highly individual approach to determine which 
behaviorss and situations are relevant to a particular individual. While both approaches 
accountt for variability and consistency, it is difficul t to see how they are related to the 
tradit ionall  trait approach (e.g., McCrae & John, 1992). 

Thee ITS model is an at tempt to integrate consistency and dynamics in a single 
formall  model in such a manner that both the tradit ional trait approach and the 
intraindividuall  dynamics are accounted for. The trait part of the model is analogue 
(thoughh not identical) to the standard trait approach. w7here dimensions are sought 
thatt are useful in describing quanti tat ive and enduring differences between individuals. 
Thee state part of the model represents the pat tern of thoughts, feelings and behavior 
off  an individual, that is, it gives an impression of the organization of variables within 
thee individual. The ITS model can be extended to include measurements of situational 
aspectss that can be linked to state fluctuations in behavior, thoughts and feelings in an 

ff  ..., then ..." manner (Mischel & Shoda, 1995; Shoda, Mischel, & Wright, 1994). The 
IT SS model with situational features is not as idiographic as the approach suggested 
byy Cervone (2004). However, when a particular situational feature is of no relevance 
too an individual, it wil l not show any relatedness to behaviors, thoughts, and feelings 
off  the individual. That is, if there is no significant covariation between the situational 
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featuress and the behavior displayed by the individual, no such relationship wil l show-
upp in the ITS model. 

Thee ITS model presented in this Chapter is an at tempt to integrate two branches of 
psychologyy (Epstein. 1994; Meijer. 1994: Mischel. 2004): a psychology concerned with 
global,, nomothet ic t ra it descriptions, and a psychology emphasizing the dynamics of 
individuall  processes that may or may not be idiographic. By incorporating both, the 
IT SS model may help bridging the gap between the trait-minded and the process-
mindedd researchers. 

6 .66 A p p e n d i x 6 .A 

Inn this Appendix the parameters of intraindividual and interindividual distributions 
aree defined. We assume all variables are inultinormally distr ibuted, so that first and 
secondd order moments describe the distributions exhaustively. The intraindividual dis-
t r ibut ionn can be interpreted as the distribution of states. Wi t h respect to the interindi-
viduall  distr ibution we distinguish between two kinds of interindividual moments: stan-
dardd interindividual moments associated with a specific measurement occasion, and 
t imee invariant interindividual moments. The latter can be interpreted as the distribu-
tionn of t ra i ts, while the former is a combination of both state and trait distr ibutions. 
Wee use ? as subject index, g and /; as item indices, and t and r as occasion indices. 
Whenn dealing with estimates, we have a time series (i.e.. repeated measures) of finite 
lengthh T observed in one subject, or a finit e sample of N subjects. 

I n t ra ind iv idua ll  m o m e n ts 

Whenn the measurements of a single subject are involved, generalization is not done over 
subjectss (as we are accustomed to do in psychological research), but over occasions. 
Thiss implies that the subject index i is fixed. To indicate the difference between indices 
thatt are fixed and those that indicate randomness, we place the former in brackets. 
Wee assume the data are stationary, which implies that the moments do not change 
overr t ime (Box & Jenkins. 1976; Hamilton. 1994). The first moment of subject i on 
variablee g is also called the intraindividual mean, and it is equal to the expectation 
overr t ime, that is: 

fiig*fiig*  = Ef [j/(i fl)tj  (6-H) 

wheree E( indicates the expectation across occasions, while i and g are fixed. The 
subscriptt * indicates that the expectation has been taken over this source of stochas-
ticity .. For reasons of presentation simplicity, we do not use this explicit and extended 
notat ion,, but suffice with the notation ^ig — Et[yigt}, indicating that /^g is the ex-
pectat ionn over t ime of the scores y of subject i on variable g. The estimation of this 
intraindividuall  mean over t ime is: 

11 T 

t=\ t=\ 

Wit hh respect to the second moment around the mean, we make use of a general 
formulationn that can represent the variance of a variable, the covariance between two 
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variabless h and g, and lagged covariances. The latter are covariances between two 
variabless at different occasions. The distance between these occasions is called the lag 
tt — T — k. We need to define these lagged cross-covariances. as they are distribution 
characteristicss that play an important role in certain intraindividual approaches, which 
wee discuss later. Thus we have 

<y<yughugh,,kk = Et y{yigt - mgKvihT - / ^ / j j < (6.13) 

wheree t — r = k > 0. U k = 0, this reduces to the covariance between variable g and 
h,h, which may be denoted as cr^gh- If hi addition g = h, this becomes the variance 
off  variable g. which is denoted as af . If g — h and k > 0, Equation 3 represents 
thee lagged auto-covariance, that is the covariance between variable g and itself at k 
occasionn earlier, denoted as als_k- Finally, if g ^ h and k > 0. we have the lagged 
cross-covariancee between variable g and h. Note that for these lagged covariances, we 
havee Vi.gh.k T^ ai.hg.k- That is, the way in which scores of variable g depend on scores 
off  variable h at k occasions earlier, can be very different from the way in which scores 
off  variable h depends on scores of variable g at k occasions earlier. The estimate of 
thee lagged cross-covariance is: 

11 T 

°i,gh.k°i,gh.k =  T _ 5Z YVigt ~ Mg^yihT ~ &ft) ]  (6.14) 
t=k+l t=k+l 

Thiss may reduce to estimates of the variances, covariances, lagged auto-covariance 
andd lagged cross-covariances in similar ways as described above for the expectation. 
Notee that there are only T — k pairs of observations that can be used to determine 
thiss covariance. Although there are T — k pairs of observations, it is customary to 
dividee by T — X instead of T — k — X. The reason for this is that one would expect 
thee covariances to decrease as k increases, but the use of T — k — 1 could result in 
largee covariances as k gets large due to sample fluctuations. Therefore, often T — 1 is 
preferredd (cf. Chatfield, 1989; Hamilton, 1994). 

In te r ind iv idua ll  m o m e n ts 

Ass stated above, we distinguish between two kinds of interindividual moments: the 
standardd interindividual moments and the time invariant interindividual moments. 
Mostt readers wil l be familiar with the standard interindividual moments, but we dis-
cusss them for the sake of completeness. The time invariant interindividual moments 
aree of importance to the study of trai ts, as we show later. 

StandardStandard interindividual moments 

Ourr presentation of the standard interindividual moments differs slightly from the 
usuall  presentation, as we include a time index t. Although this t is fixed and therefore 
couldd be omitted, we include it to remind the reader that these are moments associated 
wit hh a certain occasion t. in contrast to the interindividual moments discussed later. 
First,, the expectation across subjects of variable g at occasion t is the mean, that is 

lt*gtlt*gt  = Ei[yi(pt)j  (6-1 5) 
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wheree E, indicates the expectat ion across subjects while t and g are placed between 
bracketss to indicate they are fixed. Again, we simplify this notation to \igi — E;[y,y], to 
indicatee the expectat ion is taken across subjects at a specific occasion t for a certain 
variablee g. The est imate of this interindividual mean in a sample of N subjects at 
occasionn t is 

11 V ^ 
ii iigtgt = ^z^yist  (6-16) 

Thee covarianee between two different variables g and /; at different occasions t and r 

cann be expressed as 

Ogh.trOgh.tr = Ei\{yigt ~ 1'yt ) {Vihr^hr ) \  (6-17) 

Again,, this expression can be used to reduce to many different kinds of second mo-
ments.. That is, if g — h. i t is the covarianee across individuals between repeated 
measuress of the same variable, denoted as <r gjT. When in addit ion t — r, we have the 
variancee of variable g at occasion t. i.e.. cr t̂. If in contrast g ^ h. but t — r . we have 
thee covarianee between variable g and variable h at occasion t. i.e.. dgh.t- When both 
gg y£ h and t  ̂ T. this is the covarianee between variable g ad h at different, occasions. 
Notee that crgi,jT  ̂ <Jhg.tr hut that agt,.tr = &hy.Tt- The estimate of this covarianee is 

11 V 

Vgh.trVgh.tr =  v _ 1 Yl [(yW ~ MiVihT ~ £/IT)J  (6-18) 
i = l l 

Thiss may reduce to est imates of the variances and covariances, either at the same 
occasionn or at different occasions. 

Time-invariantTime-invariant interindividual moments 

Thee interindividual moments discussed above are associated with particular occasions. 
Ass stated before, the differences between individuals at. a particular occasion reflect 
bo thh trait-like and state-like differences between individuals (Cattell. 1966: Cattell. 
1967;; Hertzog & Nesselroade, 1987: Steyer et al., 1999). We present distr ibution char-
acteristicss associated with stable trait-like differences between individuals here, and 
calll  them time invariant interindividual moments. They are baaed on the intraindivid-
uall  means as defined in Equat ion 6.11. The time-invariant interindividual moments 
describee the distr ibution of these intraindividual means. The first t ime invariant in-
terindividuall  moment of variable g is the expectation across subjects of their intrain-
dividuall  means, i.e.: 

figfig = Ei^fiig  ̂ . (6.19) 

Thiss mean can be interpreted as the mean trait score across subjects on variable g. 

Thee estimation of this t ime invariant interindividual mean is: 

11 N 

^ = ; j s r 5 > p-- (6"20) 

77 = 1 

Thee second t ime invariant moment is the variance of intraindividual means, i.e.. 

http://Ogh.tr
http://Jhg.tr
http://Vgh.tr
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o<jho<jh = E; [(iH g - fig) (na,. - Hh)\  (6-21) 

Thiss eovariance between variable g and /; may be interpreted as the eovariance of trait 
scoress between individuals on these variables. If g — h this reduces to the variance 
acrosss subjects of trait scores on a variable, denoted as a2

g. This is an indication of how 
muchh trait-like variation there is between individuals. Because this is a t ime invariant, 
moment,, no lagged relationships exist. The estimate of this moment is 

11 A' 
&& shsh = J7~[ Yl [(&(<H - A* ff.) (/*i(ft* ) - A*/..)] (6.22) ) 

Thiss concludes our presentation of intra- and interindividual moments. 

6 .77 A p p e n d ix 6 .B 

Inn this Appendix the interindividual eovariance matr ix based on the ITS model is 
derived.. We use Freeman's theorem in the same way as proposed by Lord and Novick 
(1968;; Freeman, 1963). Lord and Novick used this theorem to show that the variance 
acrosss subjects of a variable that has an intraindividual distribution (not necessarily 
invariantt across subjects), is equal to the sum of the mean across subjects of this 
intraindividuall  variance, and the variance across subjects of intraindividual means. 
That.. is. 

Ei\(yiEi\(yiggtt - Ei[yigt}) J = E, Et{(yigt-Et[yigt])  j + E, |E,[yi f f ,] - E, [Et{yigt}]  j 

E,-[4]+E,-- {t*ig{t*ig  -Ei[flig\y 

wheree the first term on the right-hand side is the mean (across individuals) of the in-
traindividuall  variance, i.e., the average state variance1, and the second term represents 
thee variance (across individuals) of intraindividual means, i.e.. the trait variance. 

Too find an expression for the eovariance matr ix Sf in terms of the matrices asso-
ciatedd with the ITS model, wre start by expressing the vector with population means 
andd the population eovariance matrix at occasion t. as functions of the model matrices 
inn Equation 6.4. The vector with population means at occasion f can be expressed as: 

VtVt =E j [ y i , ] 

== Et [p, + A/3, + £ + TiKit + i/,-,] 

== Et [/i ] + E, [A/3,-] + E, [<,] + E(- [TiK it]  + E, [uit] 

==  ^ + A E , [ft]  + Ei [Cj + E, [TiKu]  + Ei [uit]  . (6.23) 

Byy definition E,[/3,] and Et[C,i\  are both null-vectors. To find the expectations of the 
lastt two terms, we follow Lord and Novick (p. 35. 1968): 

Ei[i/ i,]=E,-[E,[i/rt] ]]  =E , [ 0] = 0 , 

andd shnilarlv: 
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EilTiKit]EilTiKit]  = E, [E t [ I>„] ] = E, [l\E ([K i t ] ] = Ei[Ti  * 0] = 0 

Therefore,, the expectation of y,-; across subjects at occasion f results in the vector 
withh interindividual means, i.e., //. 

Thee covariance structure is: 

Sff = Ej (y,-, - Ei[yit])(yit  - Ej[y«])' 

== E,- [(A/3, + Ci + TiKit + vit){APi + £t + TiKit + i/ it)'] 

== E, [AfrftA'}  + E; [CiC'i]  + Ei [i> i f «;(r;] + E,- [i/.xj 
== AE, [&#] A ' + E,- [CC'] + Et [ i w ^ r y + E, [vitI/ü] 
== Af t A ' + T + E, [T^K^T',} + E, [uitu'it]  . (6.24) 

Thee first two elements in Equation G.24 represent trait-like differences between indi-
viduals.. The last two elements are more difficult to describe. They represent differences 
betweenn individuals with respect to their states at a certain occasion t. However, it is 
moree than that their state-scores differ: The actual state-structure may differ. That is. 
thee number of state-dimensions may differ, the nature of the state-dimensions (repre-
sentedd as the pattern and size of factor loadings, i.e., T,) may differ, the covariation, 
orr sequential dependency of the states may differ, i.e.. II j may differ, and the amount 
off  variation in states as well as the residuals may differ across subjects Ej. 

Too simplify the last two expressions in Equation 6.24, we make use of Freeman's 
theoremm (1963: see also Lord & Novick, 1968). With respect to the last term we get: 

Ei[uitu[Ei[uitu[ tt}}  = Ei[E([i/ i t i^] ] +Ei [ {E ( [ i / i , ] } {E i K]} / ] 

== E, tal + 0 

sincee E( [^] = 0 for all i. Thus, the covariance matrix across subjects of the intrain-
dividuall  unique states va at a single occasion, is the mean across subjects of their 
intraindividuall  covariance matrix 5;. Since H, is diagonal for all i, this mean must be 
diagonall  too. 

Applyingg Freeman's theorem to the third term of Equation 6.24 results in: 

Ei[i\K«< tr;]]  = Et[Ef[r,;^<r^]] + El[{E ([r>^]}{E,.[i> ït]}' ] 

== E . f r ^ ^ y r ; ] +E1[{T lEt[K lt}}{r !Et[K 1t}}' 

== Et [i\n,r'l + o, 

sincee E( [K^ ] = 0 for all i. Because I\ may differ across subjects (not just the values its 
elementss take on, but also the dimensions of the matrix, and the same applies to ITj), 
thee expression can not be further simplified. Hence, Equation 6.24, i.e., the covariance 
matrixx across subjects at a single occasion t, can be written as: 

E(( = AHA ' + T + E, [r^T'A + S, . 


