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5 5 

Statisticall  modeling of the individual: Rationale and 
applicationn of multivariate stationary t ime series analysis 

Psychologicall  research is dominated by interindividual statistical techniques (Danzigor, 
1990:: Hersen &: Barlow. 1976: Lamiell. 1990). These techniques can be divided into 
twoo categories (Allport . 1946): (a) those applied in general psychology, in which the 
meansmeans of groups (i.e., populations), or of the same group at different occasions, or in 
differentt conditions are compared; and (b) those applied in differential psychology, in 
whichh the covariance structure of a group (representing interindividual differences) is 
investigatedd and possibly compared to that of another group, or to that of the same 
groupp at another occasion, or in an other condition. These two categories have been 
integratedd in several ways. For instance, in mult igroup structural equation modeling 
bothh the covariance structure and the means of groups are modeled simultaneously 
(Jöreskogg & Sörbom, 1999). Another way in which means and covariance structure 
modelingg are combined is latent growth curve modeling which can be used to study 
interindividuall  differences in intraindividual change (e.g.. Duncan et ah. 1999: McArdle 
&&  Epstein. 1987). In these models, the means and the covariance structure of the same 
groupp observed at different occasions are used to model the development of the group. 

Thesee techniques have proved very useful in the investigation of means and co-
variancee structures in populations, because the results concerning these structures in 
representativee samples can be generalized readily to the1 population. However, these 
resultss are not necessarily informative if one is interested in psychological processes 
situatedd within individuals. Psychological processes such as conditioning, learning, ha-
bituation,, perception, action, emotions and cognitions, imply some kind of variability 
orr change within individuals over time. This change may take on the form of a (more 
orr less) smooth growth curve, a stage like transit ion, or reversible variability around 
aa constant mean within an individual. It has been noted that these intraindividual 
changess are not necessarily adequately represented by the results found at the in-
terindividuall  level (e.g., Baldwin, 1946: Cattel l. 1966. 1967: Danzigor, 1990; Epstein. 
1980;; Grice. 2004: John. 1990: Lamiell, 1990. 1997: Nesselroade. 2001. 2002: Skinner. 
1938).. For instance. Skinner (1938) pointed out that the averaged growth curve based 
onn interindividual means can differ quantitatively and qualitatively from the growth 
curvess found in individuals. More recently, Heathcote et al. (2000) discussed a similar 
issuee with respect to learning curves. 

Thiss Chapter has been accepted for publication: Hamaker. E. L.. Dolan. C. V.. and Molenaar. P. 
M.. C. (in press) Statistical modeling of the individual: Rationale and application of multivariate 
stationaryy time series analysis Multivariate Behavioral Reasearch, 
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Inn this Chapter we focus on so-called stat ionary psychological processes, that is, 
processess that are characterized by reversible variation around a constant mean. Ex-
ampless of these processes are daily variations in mood, thought, and action. The aim 
off  the present Chapter is twofold. First, we discuss the limitations of results obtained 
inn the analysis of interindividual differences if one actually wants to make informed 
statementss about stat ionary psychological processes situated within individuals. We 
indicatee when generalizations from the interindividual level to the intraindividual level 
(andd vice versa) are valid, and present an analytical condition that must be satisfied to 
alloww such generalizations. Second, we discuss mult ivariate stat ionary t ime series anal-
ysiss as a methodological approach to the investigation of mechanisms and processes 
operat ingg at the level of the individual. It is in essence a single subject approach, but 
i tt may be extended to include multiple subjects as shown in this Chapter. 

Thiss Chapter is organized as follows. In the first section we discuss the rationale of 
usingg intraindividual techniques such as multivariate stationary t ime series analysis in 
psychology.. In the second section we define a stat ionary process. In the third section 
wee discuss a class of t ime series models that we call multiple indicator vector autore-
gressivee moving average models. In the fourth section we il lustrate the use of some of 
thesee models with an empirical example consisting of replicated t ime series obtained 
wi t hh a personality questionnaire (Borkenau & Ostendorf. 1998). In this example we 
showw how one can determine whether there is reason to assume that the interindi-
viduall  differences are indicative of intraindividual processes. In addit ion, we il lustrate 
howw one can establish the structure of intraindividual variation, investigate whether 
thiss intraindividual s t ructure of variation is similar across individuals, and whether it 
iss similar to the interindividual structure of variation. 

5.11 Rat ionale for  s ta t ionary t im e series models in psychology 

Psychologicall  researchers are often concerned with making inferences about a pop-
ulat ionn based on a sample taken from that populat ion. Through the ascertainment 
off  representative samples it is ensured that the results can be generalized from the 
samplee to the populat ion, which implies that the results are indicative of what would 
havee been observed if the complete population would have been studied. But there is 
anotherr way in which researchers may t ry to generalize their results, that is, across 
levels.. We distinguish between the interindividual level or the level of the population, 
andd the intraindividual level or the level of the individual. We call the generalization 
too the populat ion based on results obtained in an individual bot tom-up generalization. 
Conversely,, top-down generalizations consist of making inferences about an individual 
basedd on results obtained in (a representative sample of) the population. The problems 
associatedd with bot tom-up generalization are well understood, and are often advanced 
ass an argument against single subject research methods (Hersen & Barlow, 1976). In 
contrast,, top-down generalization seems quite common in psychological research. 

Thee ubiquity of top-down generalizations in psychology may be due to the desire 
too establish general laws. Interindividual techniques are often referred to as "nomo-
thet ic""  (e.g., Epstein, 1994; John, 1990), implying that these techniques are useful in 
determiningg nomothet ic laws that have universal validity and apply to all individual 
memberss of the populat ion (Lamiell, 1998). Several authors have expressed concerns 
aboutt this believe. They have pointed out that covariances and correlations obtained 
inn a sample are collective measures that provide information on the distr ibution of 
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variabless in the population (Danziger, 1990; Grice, 2004; Lamiell. 1990). Analyzing 
thesee collective measures provides information on what holds in aggregate, that is. 
collectively,, at the level of the population. However, what holds collectively is not 
necessarilyy identical to what holds in general. As pointed out by Lamiell (1990). some-
thingg is true in general only if it is true for each individual separately (see also Grice. 
2004:: Lamiell, 1997). The difference between general propositions that apply to all 
individuall  members of a population, and statistical propositions that apply to some 
aggregatedd measure of the individual members of a population is not always clearly 
madee in psychology (Cowles, 1989). 

Ann example of explicit top-down generalization is the statement made by Mc-
Craee and John (1992): y processes, by definition, involve some change in 
thoughts,, feelings and actions of an individual: all these intra-individual changes seem 
too be mirrored by interindividual differences in characteristic ways of thinking, feeling 
andd acting" (p. 199). McCrae and John assume, albeit cautiously, that interindividual 
differencess are indicative of processes operat ing at the level of the individual. Epstein 
(1980)) occupies a rather different position: ''Too often the highly questionable assump-
tionn is made that correlations derived from nomothetic studies of groups of individuals 
aree applicable to processes within individuals.'7 (p.803). Since it may not be immedi-
atelyy apparent why this assumption is questionable, we derive the condition that must 
holdd for the assumption to be tenable. 

Wee use the correlation as a measure of the standardized relationship between vari-
ables,, so we can give an analytical expression of the exact relationship between the 
standardizedd relationships at different levels. In Appendix 5.A we derived the intrain-
dividuall  and the interindividual correlations. The intraindividual correlation of subject 
ii  between variables x and y is 

°~xy,i°~xy,i (x. i\ 
Pxy.iPxy.i — I - (d-l) 

thatt is, it is a function of the intraindividual covariance o-xyj
 a nd the intramdividual 

variancess axi and a^. The interindividual correlation between variables x and y is 

^ L + ^ J KK + ^ J 

thatt is. it is a function of the means of intraindividual variances and covariances 
(n(n 2 , \L„I  and \xa ). and of the variances and covariance of intraindividual means 

xixi j|i  l y l 

("/Li '' ffL  a nd ^ „ f i ,)  When pxyi = pxy. we say there is homology across levels 
(Hannan.. 1971). which implies that all standardized results obtained at one level can 
bee generalized to the other level. The specific circumstances under which Equations 
5.11 and 5.2 are identical are discussed in detail in Appendix 5.A. 

Equationss 5.1 and 5.2 demonstrate that there is no direct functional relationship 
betweenn relationships at the interindividual and the intraindividual level: If one knows 
onee of these correlations, one can not determine the other without the use of addi-
tionall  information. I t is possible that the interindividual correlation pxy is positive, 
whilee the intraindividual correlation pxŷ  is negative or zero (and vice versa). Thus, 
ratherr than to assume that these correlations are identical, one should investigate em-
piricallyy whether the condition of homology is met. To this end, one must compare the 
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est imatee of the intraindividual correlation as defined in Equat ion 5.1 to the est imate 
off  the interindividual correlation denned in Equat ion 5.2. This requires a sufficiently 
largee number of repeated measurements within a single individual i to estimate the 
intraindividuall  correlation, and a sufficiently large number of individuals to have been 
measuredd at least at one occasion to est imate the interindividual correlation. Such 
da taa may be difficul t to obtain, and therefore we derive another condition in our illus-
t rat ionn at the end of this Chapter, which does not require such an extensive data set. 
Th iss derived condition is necessary, though not sufficient for homology to hold, hence, 
i tt can only be used to prove homology is absent. 

Whenn homology does not hold, this implies that not all (standardized) results can 
bee generalized from the interindividual level to the intraindividual level. However, 
somesome results may still be generalizable across levels. Also, even when there are no sim-
ilaritiess across levels, there still may exist interesting similarities across individuals. To 
gainn more insight into these matters, one needs intraindividual techniques that model 
intraindividuall  parameters such as defined in Equation 5.1. An example of such an 
intraindividuall  technique is multivariate stationary t ime series analysis, which can be 
usedd to investigate the structure of variation at the intraindividual level. This structure 
iss indicative of intraindividual psychological processes. In addition, t ime series analysis 
cann be used to investigate to extent to which this intraindividual structure of variation 
iss invariant across individuals. Also, the intraindividual results may be compared to 
interindividuall  results in order to determine possible sources of differences between 
thee levels. Before giving an illustration of such applications of multivariate t ime series 
analysis,, we discuss the characteristics of t ime series (models) in more detail in the 
followingg two sections. 

5.22 Mult ivar iat e stat ionary t im e series 

Thee repeated measurement of a set of variables in an individual gives rise to a multi-
variatee t ime series. In terms of Cattell's data box this implies that the individual and 
thee variables are held fixed, while the occasions are sampled (Cattell, 1978). In mul-
t ivariatee t ime series, observations can depend on prior values of the same and other 
variables.. The former dependency is called auto-covariance and the latter is called 
(lagged)) cross-covariance. In t ime series analysis this lagged covariance structure is 
modeled.. In what follows we discuss the first and second order moments of multivari-
atee time series. This is largely based on Box and Jenkins (1976), Chatfield (1989), and 
Hamil tonn (1994), but may be found in any introductory text on t ime series analysis. 

AA mult ivariate t ime series is strictly stat ionary if all moments are independent of 
t ime,, i.e., they do not change over time. A series is called second-order stationary if 
onlyy the first and second order moments are time-invariant. For Gaussian series, all 
momentss beyond the second order moments are fixed, so that if the series are second-
orderr stationary, this implies that if a series is second-order stationary, it is also strictly 
stat ionary.. If a series is second-order stat ionary we have 

fitfit  = M = Et [y ( ] , (5.3) 

wheree Et denotes the expectat ion of y over t ime.1 That is, the mean does not change 
overr time. In addit ion we have 

11 That is, Et[y(.] = limT_3C(2T + l ) - 1y : ^ _T y f 
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£(y<.y,_fc)) = £jt = Et (yt -  (5.4) 

thatt is. the auto- and cross-covariances do not depend on occasion f, but depend on 
thee lag k only, which is a fixed distance between occasions. 

Lett avu,tk be the elements in row r and column w of matr ix EA-, Then avv.o is the 
variancee of series v and (T,.u,^{o'vv,oO'ww,o)~1^2 is the lagged cross-correlation between 
seriess v and w at lag k. If k = 0, this cross-correlation is identical to the intraindi-
viduall  correlation discussed in Appendix 5.A (see also Equation 5.1). Note that for a 
multivariatee second-order stat ionary process S^ = £'_(,. 

Whenn a single finite multivariate stat ionary time series {yt}f=i in observed and 
centered,, i.e., ft — 0. the estimate of the cross-covariance between variable v at occasion 
tt and variable w at occasion t — k is 

11 X ^ 
&vw.k&vw.k = Tf, l  ̂ yv.tl/w.t-k  (5.5) T T 

f=fc+l l 

wheree T is the length of the observed series, i.e.. the number of repeated measures.2 

Thiss aVU!,k is the element in row v and column w of the matr ix S .̂ by which £*. is 
estimated.. If the lag k is zero, this reduces to the covariance between two series v and 
w.w. From the lagged covariances the lagged correlations can be obtained as follows: 
Pvw.kPvw.k — <^vw.k(^vv.oö'ww.o)~l'2  Note that if k / 0. <r vw  ̂ does not necessarily equal 
crcruu..vvy.y. The relation between series v at occasion t and series w at t — k (i.e.. at A" 
occasionss earlier) does not have to be the same as the relation between series v at 
occasionn t and series w at t + k (i.e., at A- occasions later). Put differently, the response 
off  series v to previous movements in series u' can be completely different from the 
responsee of series w to previous movements in series r (Hamilton. 1994). 

5.33 M u l t i p l e i n d i c a t o r  v e c t or  a u t o r e g r e s s i ve m o v i n g a v e r a ge m o d e ls 

Wee present a multivariate stat ionary t ime series model that represents an extension 
off  the well-known vector autoregressive moving average (VARMA ) model (Hamilton, 
1994).. The model presented here may be termed a multiple indicator (MI ) VARM A 
model,, and it is a specific case of the more general dynamic factor model (Molenaar. 
1985).. As the latter is beyond the scope of the present Chapter, we refer the interested 
readerr to Molenaar (1985), Molenaar and Nesselroade (2001). Nesselroade (2002). 
Nesselroadee et al. (2002), and Browne and Nesselroade (in preparat ion). 

Thee MI VARM A model can be writ ten as a set of two equations: a measurement 
equationn relating the M observed scores to R latent scores at occasion t. and a sequen-
tiall  equation relating the latent scores to latent scores at previous occasions. Suppose 
wee have observed an M variate time series of length T denoted as {yt}J=\. where y( 

representss the observation of the M variables made at occasion t. At each occasion 
aa factor model is fitted to the M observations y ( , with R factors (R < Al). The 
measurementt equation is 

""  Some authors prefer to divide by T — k instead of T. However, as Hamilton (1994) stated, dividing 
byy T results in estimates of the population auto-covariance that approach zero when the lag k 
becomess very large. This is what would be expected of the population auto-covariance, but this 
wouldd not be obtained if one divides by T — k (Hamilton. 1994). Therefore, dividing by T should 
bee preferred. 
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y,, = Ax ( + et , (5.6) 

wheree t = L 2 , . . . , T. The M x 1 vector yt contains the M observed variables at 
occasionn t, and xf is the R x 1 vector with latent variables at occasion t. The M x 1 
vectorr e( contains the measurement errors at occasion t, and these are i.i.d. with 
ett ~ N{0, * ) . where * is diagonal. The MxR matrix A containing the factor loadings 
doess not have a time index, since the factor loadings are constrained to be equal across 
allall T occasions. This matrix determines the number and nature of dimensions with 
respectt to which the individual differs from himself/herself over occasions. 

Att the latent level, the R series xt obeys the VARMA model (Hamilton, 1994), 

X tt = 3> lX ( _i H h * p X É _p + Ut - 0 l U , _ ] - €>qUt-q 

pp Q 

33 = 1 3=1 

wheree ut is a R x 1 vector with random innovations at occasion t, and u( ~ N(0, Au). 
Althoughh not strictly necessary, Au is often constrained to be diagonal.3 The Rx R 
autoregressivee matrices 3>i to 3>p contain the coefficients in the regression of the latent 
scoress X/ on the prior values xf_i to x(_p. The parameters in the autoregressive matri-
cess have to obey certain constraints to ensure the series are stationary (see Hamilton. 
1994,, p.259, for more details). The R x R moving average matrices 0 i to 0 ? con-
tainn the coefficients in the regression of the current multivariate latent scores xt on 
thee previous innovations u( - i to ut-q. The parameters in the moving average matrices 
havee to obey certain rules (analogue to the stationarity constraints), in order to ensure 
thee process is invertible (which is a necessary condition to ensure there is an unique 
solution;; see for more details Chatfield, 1989; Hamilton, 1994; Molenaar, 1999). The 
VARMAA matrices <ï> and 0 are not necessarily symmetric, since the way in which xg 

dependss on previous values and innovations of x  ̂ can be very different from the way 
inn which x  ̂ depends on previous values and innovations of variable xg (where g  ̂ h). 

Iff  q — 0 and p = 1, the model defined in Equations 5.6 and 5.7 reduces to a 
multiplee indicator vector autoregressive model of the first order, i.e., an MI VAR (1). 
Thiss version of the MI VARMA model is also known as the direct autoregressive 
factorr score model (Nesselroade et al., 2002). If both q = 0 and p = 0, no sequential 
relationshipss are present and this model is equivalent to Cattell's P-technique (PT) 
model.. In our illustration below we compare the MI VAR (1) model to the PT model. 

Thee matrix of factor loadings A indicates the number and nature of dimensions 
onn which an individual differs from himself over time. Given time series of multiple 

33 For the model in Equation 5.7 to be identified, either the vector x ( is not to be regressed upon 
itself,, or the innovations are not correlated, i.e. A u is diagonal. These restrictions are actually 
equivalent,, which can be easily shown. Suppose A u is not diagonal, and let UTlil  be the eigenvalue 
decompositionn of A u , where IT is a diagonal matrix. Multiplyin g u( with the inverse of the matrix 
177 results in a transformed vector of innovations uj which has the diagonal covariance matrix IT. 
Hence,, if both sides of Equation 5.7 are multiplied by f ï _1 this results in: 

pp i 

n_1x (( = ft' 1 ~̂J * 3x t -j  + u*  - ^2 ®JU?-J 

Inn this latter expression, the observations x ( are regressed upon themselves with the parameters 
inn U K Hence, the restriction that x( is not regressed upon itself (i.e., not pre-multiplied by a 
non-diagonall  matrix), and the restriction that A u is diagonal are actually equivalent. 
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individuals,, one can investigate whether these individuals differ on the same dimen-
sions.. This can be done by constraining the factor loadings across individuals. This 
iss analogous to constraining factor loadings to be equal across groups in establishing 
factoriall  invariance across groups (Meredith, 1993). This constraint across individuals 
iss necessary to determine whether qualitatively the same constructs are measured in 
differentt individuals. If this is the case, one can investigate whether the sequential 
st ructuree associated with these latent constructs are identical across individuals by 
constrainingg the <I> and & matrices to be invariant across individuals. If tenable, this 
couldd be called sequential invariance, as it implies that the sequential relationships are 
invariantt across individuals. We elaborate on these forms of invariance across individ-
ualss in our il lustration below. In addit ion we discuss how the intraindividual models 
cann be obtained through exploratory analyses, and how the results may be compared 
too the interindividual structure of variation. 

5.44 I l lustrat io n 

Too il lustrate how time series analysis can be helpful in determining the nature of 
intraindividuall  processes, we analyze the Borkenau-Ostendorf da ta (Borkenau & Os-
tendorf,, 1998). This data set consists of 30 items that are markers of the Five Factor 
Modell  (FFM) of personality (McCrae & John, 1992; Costa & McCrea, 1994): Extraver-
sionn (E), also termed energy or enthusiasm; Agreeableness (A) , also termed affiliation 
orr affection; Conscientiousness (C), also termed constraint or control; Neuroticism (N), 
alsoo termed negative affectivity or nervousness; and, Intellect (I) , also termed open-
ness,, originality, or culture. Each of these factors is represented by 6 items, and these 
weree completed by 22 subjects on 90 consecutive days. The subjects were asked to in-
dicatee how well the words described their behavior that day on a 7-point Likert scale. 
Thus,, these data are measurements of states associated with the personality trai ts of 
thee FFM. 

Wee focus on four questions. The first question is: Is there homology across levels? 
Thiss would imply that the intraindividual structure of daily variation of each individual 
iss identical to the FFM of Personality. As we show that that the assumption is not 
tenablee in this case, we must conclude that the structure of intraindividual variability 
iss not identical to the FFM. Hence, we come to the second question: Wliat is the 
intraindividuall  structure of variation? After we have determined the intraindividual 
structuree of variability, we can focus on a third question: Can these structures be 
interpretedd in a psychologically meaningful manner? And finally we ask: Although 
homologyy is absent, are there still similarities in the structure of variability across 
individualss and are there similarities between individuals' structures and the FFM? 

Forr reasons of space and to ease computations, we focussed on four of the 22 
individuals.. We chose these four from the eight individuals who had approximately 
normallyy distr ibuted scores on all 30 items. The other 16 individuals had one or more 
itemss with either a dichotomous distr ibution or an invariant score. The latter do 
nott contr ibute to the structure of intraindividual variation, and could therefore be 
omittedd from the analyses (see also Hooker et al., 1987, Lebo & Nesselroade, 1978, 
andd Schulenberg et al., 1988). Items with a dichotomous distribution require a different 
approachh which is beyond the scope of this Chapter (but see Durbin & Koopman, 2001: 
Kedemm & Fokianos, 2002). 
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5.4 .11 Tes t ing h o m o l o gy 

Ass discussed above previously, to test whether there is homology across levels, one 
cann test whether the correlations in Equation 5.1 and 5.2 differ significantly from each 
other.. To this end one needs a large number of repeated measures in a single indi-
viduall  to compute the intraindividual correlation (i.e., est imate of Equation 5.1). and 
aa large number of measures from different individuals to compute the interindividual 
correlationn (i.e.. est imate of Equation 5.2). Such data may be difficul t to obtain. How-
ever,, we can derive a condit ion that is necessary though not sufficient, for homology: 
Homologyy across levels can only exist when the intraindividual correlation is invariant 
acrosss individuals, that is. if pxya — pxyj. where i and j are subjects indices and i  ̂ j . 
Iff  the condition of invariant intraindividual correlations holds, this can be taken as an 
indicationn that there is some universal intraindividual process, which may be referred 
too as a law that holds in general (cf. Lamiell, 1990). This invariance across individuals 
iss a prerequisite for homology. However, further research would be needed to estab-
lishh homology across levels. Nonetheless, if the condition of invariant intraindividual 
correlationss does not hold, we can conclude that homology across levels is absent. 

Sincee 30 variables were measured, we decided to compare the correlation ma-
tricess containing the intraindividual correlations, rather than all the correlations 
separately.44 We used LISREL (Jöreskog & Sörbom. 1999) to test the hypothesis: 
R :: = Rg = R1 3 = R22- where R, is the 30 by 30 correlation matr ix of subject i 
(cf.. Nesselroade & Molenaar, 1999). Comparing this model to the saturated model, 
wheree no constraints are placed on the intraindividual correlation matrices, gives a 
chi-squaree difference of 2151 with 1305 degrees of freedom (p—.00). The root mean 
squaredd error of approximation (RMSEA) of the restricted model is .067. which indi-
catess acceptable fit (RMSEA< .06 is acceptable, see Hu & Bentler. 2000). However, 
thee normed fit index (NFI) is .66 and the nonnormed fit index (NNFI) is .75. which 
indicatee poor fit  (NFI> .9 and NNFI> .9 are acceptable, see Bentler & Bonett. 1980). 
Thee standardized root-mean-square residual (SRMR; Hu & Bentler, 2000) is .18 for 
subjectt 1, .15 for subject 8, .12 for subject 13, and .14 for subject 22. These values 
aree too large (SRMR< .08 for acceptable fit. see Hu k Bentler. 2000). These results 
seemm to imply that the intraindividual correlations are not invariant. This means that 
theree cannot be homology across levels. 

5.4 .22 D e t e r m i n i n g t h e in t ra ind iv idua l s t ruc tu r e of var ia t io n 

Sincee homology is not tenable, we cannot assume the FFM adequately represents the 
structuree of variation at the level of the individual. The illustrative analyses presented 
heree are therefore necessarily exploratory. To determine the intraindividual structure 
off  variability, we closely followed the steps as employed in studies using Cattel l 's P-
techniquee (e.g., Garfein & Smyer, 1991; Hooker et al., 1987; Lebo & Nesselroade, 1978; 
Schulenbergg et al., 1988). In the first step, we determined the number of factors for 
eachh individual separately. Through use of the scree plot of the eigenvalues of the 
300 x 30 matr ix R, we determine the number of factors for each of the four individuals 
separatelyy (Lebo & Nesselroade, 1978; Garfein & Smyer, 1991; Hooker et al., 1987). 

44 Note that we only consider individuals with {approximately) normally distributed scores. The fact 
thatt some individuals had no variation on one or more of the items, implies that for them the 
intraindividuall  correlation between these items and the other items is zero. This implies that unless 
thee corresponding interindividual correlations are zero, there cannot be homology in this example. 
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Inn the second step, we determined the nature of the factors, i.e., this step consisted 
off  determining the (rotated) intraindividual factor structure. Our goal was to obtain 
aa simple structure, which means that each item has only one non-zero factor loading 
whilee all other factor loadings can be fixed to zero. We used the option of factor analysis 
inn SPSS (1997), where we fixed the number of factors according to the number obtained 
inn step one. We chose the option of exploratory factor analysis5 (EFA), with PROMAX 
rotat ion.. Based on the rotated solution we determined the pat tern of factor loadings, 
i.e.,, the pat tern of zero's and non-zero factor loadings. Although we strived for simple 
structure,, we allowed some items to load on two factors because their largest factor 
loadingg and their second largest factor loading were about the same size. The resulting 
pat ternn of free (non-zero) and fixed (zero) factor loadings was used in the next step. 
AA substantive interpretation of these pat terns is given in the next paragraph. 

Thee third step consisted of determining the sequential structure of the intraindivid-
uall  factors. To this end we made use of our own FORTRAN program called MKFM6. 6 

andd fitted several t ime series models to determine the sequential structure of the in-
traindividuall  variability. In each of these models we used the factor loading pat tern 
(withh fixed and free parameters) as obtained in step two. We estimated the free factor 
loadingss along with the other parameters in the model, as the point estimates of the 
factorr loadings are not independent of the latent structure. The time series models 
wee considered in this third step can be divided in two categories: P-technique (PT) 
models,, which consist of (lag zero) correlated factors and no sequential relationships 
(seee Equat ion 5.6 and 5.7 with p — q — 0, so that x^ = U(, and in addit ion A.u is 
symmetric),, and MI VA R (1) models, in which the factors are regressed upon them-
selvess and each other at the previous occasion (see Equat ions 5.6 and 5.7 with p — 1 
andd q = 0, and Au is diagonal). For all individuals a PT model and an MI VA R (1) 
modell  were fitted, after which the non-significant correlations or sequential relation-
shipss between the factors were fixed to zero, resulting in a P T* model and an MI 
VAR**  (1) model. We also fitted a so-called independence (IN) model, where the 30 
seriess are modeled as random error, i.e., they are not correlated with each other nor 
wit hh themselves over time. Because not all of these models are nested, we use Akaike's 
Informationn Criterium (AIC; Akaike, 1973) and Bayesian Information Criterium (BIC; 
Schwarz,, 1978) to compare these models. We strive for parsimony, and therefore we 
focuss primarily on the BIC which is known to favor more parsimonious models. The 
resultss are given in Tables 5.1, 5.2, and 5.3. 

''''  We are aware that in most papers about the FFM of personality and about Cattell 's P-technique 
thee researchers used principal component analysis (PCA). However, EFA is also often used in P-
techniquee analyses (Hooker et al., 1987; Schulenberg et al., 1988; Garfein & Smyer. 1991). PCA 
hass the advantage that it does not require the data to be normally distributed. Although EFA is 
moree limited (since it requires the data to be normally distributed), we have the opinion that EFA 
iss more suited here, because it contains measurement error, which is an important aspect of the 
modelss considered in this Chapter. In contrast, PCA does not include measurement error, which 
makess it theoretically a rather different approach. However, to be sure, we compared the results of 
(rotated)) EFA with those of (rotated) PCA, and based our factor loading pattern on both results. 
Thiss program may be freely downloaded at http://users.fmg.uva.nl/cdolan/. It is a straightforward 
implementationn of Harvey's Kalman filter (1989). The Kalman filter can be used to estimate the 
parameterss in a time series model. Maximization of the log likelihood function of our Kalman filter 
iss carried out by NPSOL, a quasi-Newton optimization routine, using exact gradients (Gill et al., 
1986).. Standard errors of parameter estimates are based on the central differences approximation 
off  the Hessian, using exact gradients (Dolan & Molenaar, 1991). 

http://users.fmg.uva.nl/cdolan/
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model l 

IN N 
PT T 
PT* * 
MII  VAR 
MII  VAR* 

(1) ) 
(1) ) 

Tabl ee 5 .1. 

-22 log L 

2178 8 
953 3 
958 8 
997 7 

1011 1 

## par 

30 0 
72 2 
70 0 
82 2 
69 9 

AI CC BIC x2-dif f df 

22388 2313 
10971097 1277 
10988 1273 4.91 2 
11611 1366 
11499 1322 14.59 13 

P P 

.09 9 

.57 7 

Tabl ee 5.1. Subject 1: fit  indices for independence model (IN), correlated white noise (PT) models 
andd multiple indicator first order vector autoregression (MI VAR (1)) models. Where possible, we 
computedd the chi-square difference (always compared to model on line above). Italics are used to 
indicatee which model has the lowest fit index. 

Tabl ee 5.2. 

modell  -2 log L # par AI C BIC y2-dif f df p 

INN 3638 30 3698 3773 
PTT 2929 64 3057 3217 
MII  VAR (1) 2904 67 3038 3205 
MII  VAR* (1) 2904 66 3036 3201 .44 1 .51 

Tabl ee 5.2. Subject 8: fit indices for independence model (IN), correlated white noise (PT) models 
andd multiple indicator first, order vector autoregression {M I VAR (1)) models. Where possible, we 
computedd the chi-square difference (always compared to model on line above). Italics are used to 
indicatee which model has the lowest fit index. 

Tabl ee 5.3. 

modell  -2 log L # par AIC BIC x2-dif f df p 

63206320 6779 
64011 6746 153.24 36 .00 
64477 6696 106.50 30 .00 

MII  VAR (1): A{22) = A(13) 6166 120 6404 6789 
MII  VAR (1): A{22) = All3\ <P(22) = & {yi) 6273 90 6453 6740 106.68 30 .00 

Mixed:: / 1 ( 2 2 ) = A(l3) 6155 114 6384 6747 
Mixed:: A{22) = / 1 ( 1 3 ) , #( 2 2) = <f(13) 6262 84 6430 6699 107.25 30 .00 
Mixed*:: A(22) = A{13\ ¥22) = >f(13) 6274 76 6426 6669 11.67 8 . 17 

Tabl ee 5.3. Subject 22 and subject 13: fit indices correlated white noise without equality constraints 
acrosss subjects (PT) model, PT with factor loadings constrained over subjects (A*- 1^ = A ( 2 2 )) , and 
multiplee indicator first order vector autoregression (MI VAR (1)) models. Where possible, we computed 
thee chi-square difference (always compared to model on line above). 

PT T 
PT:: A(22) = A°3} 

p T .. ^(22) _ ^(13)^ ^(22) == #03) 

6032 2 
6185 5 
6291 1 

144 4 
108 8 
78 8 
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Subjectt 1 was characterized by a four-factor structure. The BIC favores the P T* 
model,, implying that there are no sequential dependencies among the factors of subject 
1.. Subject 8 was characterized by a two-factor structure. The BIC indicates that the MI 
VAR**  (1) model describes the data best, which suggests there is sequential dependency 
inn the data at the latent level. Subjects 13 and 22 were both characterized by a three-
factorr structure. Their rotated factor structure showed remarkable resemblance, and 
thereforee we decided to investigate their structures simultaneously to test for equalities 
discussedd above. In both the PT model and the MI VA R (1) model, we first imposed 
thee equality of factor loadings, i.e., A'2 2) = A^13'. Then, we equated the variances of 
thee measurement errors, i.e., i l ^ 2 2' = >Jr(13), Because the sequential structure of these 
individualss seemed to differ, we also fitted a mixed model in which subject 13 was 
modeledd in a PT model, while the data of subject 22 was modeled in an MI VA R (1) 
model.. The BIC favors the Mixed*  model. 

5.4.33 In te rp re ta t io n of in t ra ind iv idua l s t ruc tu r e of var iabi l i t y 

Thee intraindividual structure of variability as determined in the previous paragraph 
providess insight into the lawfulness underlying an individual's variability. By interpret-
ingg the intraindividual factors in a substantial manner and by taking the sequential 
relationshipss between them into account, one can obtain insight into the nature of the 
processess that operate within the individual. It is important to realize that the in-
traindividuall  factors pertain to intraindividual variability, i.e., these factors represent 
dimensionss on which an individual differs from himself/herself over t ime. To ease the 
interpretationn of the intraindividual structures of variability, we computed the correla-
tionss for each individual separately between the items and the intraindividual factors 
off  the best fittin g model as determined in the previous paragraph. 

Forr subject 1, the results are given in Table 5.4. Taking the sign of the factor 
loadingss into account, we arrived at the following interpretations of the factors: (1) 
Inconsideratee (6 C items. 6 A items. 1 N item); (2) Neuroticism (6 N items, 2 E items, 
11 C item): (3) Constricted (6 I items, 2 E items, 1 N item): and (4) Extraverted (4 E 
items,, 1 C item). At the bot tom of Table 5.4 the correlations between the factors are 
given.. Because there are no sequential relationships, we can conclude that the behavior 
off  this individual is not influenced by his/her behavior the previous day. 

Thee data of subject 8 was best described by an MI VAR* (1) model. The results are 
givenn in Table 5.5. The factors were interpreted as: (1) Interpersonal Pleasantness (6 A 
items,, 6 N items, 3 E items, 1 C item); and (2) Ineffectiveness (6 C items, 6 I items, 3 
EE items, 2 A items). Below the standardized factor loadings, the (lag zero) correlation 
matr ixx between the factors is given based on their sequential relationships. The latter 
aree represented in the standardized 3» matr ix. From this matr ix we find that the 
scoree on the Interpersonally Pleasantness factor at a certain day depends positively 
onn its score the previous day. Similarly, the score on Ineffectiveness today depends 
positivelyy on itself the preceding day. There is a cross-relationship from Ineffectiveness 
too Interpersonal Pleasantness, implying that the subject 's high Ineffectiveness score 
yesterdayy has a subduing effect on his Interpersonal Pleasantness score today. There 
iss no sequential relationship in the opposite direction from Interpersonal Pleasantness 
too Ineffectiveness. The diagonal elements of the standardized covariance matr ix of the 
innovationss indicate the proportion of variance of the latent series that could not be 
accountedd for by the scores on the preceding day. 
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Tablee 5.4. 

Correlationn between items and factors 
itemss Factor 1 Factor 2 Factor 3 Factor 4 prop, explained var. 

dynamicc (E) 
sociablee (E) 
shyy (E) 
silentt (E) 
livelyy (E) 
reservedd (E) 
irritablee (N) 
emotionallyy stable (N) 
calmm (N) 
bad-temperedd (N) 
resistantt (N) 
vulnerablee (N) 
selfishh (A) 
good-naturedd (A) 
domineeringg (A) 
helpfull  (A) 
obstinatee (A) 
consideratee (A) 
lazyy (C) 
industriouss (C) 
persistentt (C) 
recklesss (C) 
changeablee (C) 
responsiblee (C) 
unimaginativee (I) 
witt yy (I) 

knowledgeablee (I) 
prudentt (I) 
fancilesss (I) 
uninformedd (I) 

.54 4 

.68 8 

.56 6 

.61 1 

.58 8 

.55 5 

.66 6 

.59 9 

.38 8 

.29 9 

.61 1 

.61 1 

.52 2 

--
38 8 
49 9 
--
--
--

87 7 
77 7 
72 2 
32 2 
79 9 
84 4 

--
--
--
--
--
--
--
--
27 7 
--
--
--
--
--
--
--
--
--

--
-.45 5 
.46 6 
--
--
--
--

-.21 1 

--
--
--

--
--
--
--
--
--
--
--
--
--
--
--

.82 2 
-.72 2 
-.61 1 
-.59 9 
.79 9 
.60 0 

.43 3 
--
--

-.73 3 
.83 3 
-.72 2 

--
--
--
--
--

--
--
--
--
--
--
--

.32 2 
--
--
--
--
--
--
--
--
--
--

.19 9 

.48 8 

.63 3 

.53 3 

.69 9 

.52 2 

.75 5 

.76 6 

.52 2 

.53 3 

.62 2 

.70 0 

.46 6 

.31 1 

.37 7 

.33 3 

.30 0 

.44 4 

.35 5 

.24 4 

.22 2 

.37 7 

.37 7 

.27 7 

.67 7 

.52 2 

.37 7 

.35 5 

.62 2 

.36 6 

Correlationn matrix of factors 

Inconsiderate e 
Neuroticism m 
Constricted d 
Extraverted d 

.00 0 

.39 9 
--
--

1.00 0 
.40 0 
-.54 4 

1.00 0 
-.71 1 1.00 0 

Tabl ee 5.4. Results for the PT* model obtained with the Kalman filter for subject 1. First four 
columnss contain the correlations between the items and the factors. A dash indicates a factor loading 
thatt was fixed to zero based on the preliminary analyses in SPSS. Last column contains the proportion 
off  variance of an item that is accounted for by the factors. At the bottom the correlations between 
thee factors are given. 
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Tabl ee 5.5. 

Correlationn between items and factors 
items s 

dynamicc (E) 
sociablee (E) 
shyy (E) 
silentt (E) 
livelyy (E) 
reservedd (E) 
irritablee (N) 
emotionallyy stable 
calmm (N) 
bad-temperedd (N) 
resistantt (N) 
vulnerablee (N) 
selfishh (A) 
good-naturedd (A) 
domineeringg (A) 
helpfull  (A) 
obstinatee (A) 
consideratee (A) 
lazyy (C) 
industriouss (C) 
persistentt (C) 
recklesss (C) 
changeablee (C) 
responsiblee (C) 
unimaginativee (I) 
wittyy (I) 
knowledgeablee (I) 
prudentt (I) 
fancilesss (I) 
uninformedd (I) 

Factorr 1 Factor 2 prop, explained 

(N) ) 

Correlation n 

Interpersonall  Pleasantness 
Ineffectiveness s 

Interpersonall  Pleâ  
Ineffectiveness s 

_ _ 
.71 1 

--
-.57 7 
.29 9 

--
-.72 2 
.77 7 
.56 6 

-.73 3 
.70 0 

-.82 2 
-.41 1 
.64 4 

-.10 0 
.3:5 5 

-.22 2 
.58 8 

--
--
--
--

-.55 5 

--
--
--
--
--
--
--

matrix x 

1.00 0 
-.18 8 

Standardizedd A , 

antness s .78 8 

--

-.32 2 

--
.48 8 

--
--

.25 5 

--
--
--
--
--
--

.41 1 

--
--

-.35 5 

--
--

.54 4 
-.51 1 
-.47 7 
.39 9 
.31 1 

-.49 9 
.56 6 

-.39 9 
-.52 2 
-.39 9 
.35 5 
.48 8 

off  factors 

1.00 0 

matrix x 

.75 5 

.10 0 

.50 0 

.23 3 

.32 2 

.08 8 

.06 6 

.52 2 

.60 0 

.31 1 

.54 4 

.49 9 

.67 7 

.40 0 

.41 1 

.03 3 

.27 7 

.05 5 

.34 4 

.30 0 

.26 6 

.22 2 

.16 6 

.46 6 

.24 4 

.31 1 

.16 6 

.27 7 
,15 5 
.12 2 
.23 3 

var. . 

Standardizedd <ï> matrix 

Interpersonall  Pleasantness 
Ineffectiveness s 

.31 1 

--
-.30 0 
.50 0 

Tabl ee 5.5. Results for the two-factor MI VAR* (1) model for subject 8 obtained with the Kalman 
filter.. The first two columns contain the correlations between the items and the factors. A dash 
indicatess a factor loading that was fixed to zero in the Kalman filter, based in the exploratory analyses 
inn SPSS. Last column contains the proportion of variance of an item that is accounted for by the factors. 
Att the bottom the correlations between the factors and the standardized 4> matrix are given. 
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Wi t hh respect to subjects 13 and 22. we concluded that they are characterized by 
thee same factor structure. Hence, the interpretat ion of these intraindividual factors is 
identical:: (1) Bad-tempered (6 A items. 6 N items, 3 C items); (2) Sophisticated (6 

11 items, 4 C items, 1 E item, 1 A item); and (3) Reservedness (5 E items, 3 I items, 

22 C items). The sequential structure is not identical: subject 13 is characterized by a 
PTT model, while subject 22 is described by an MI VA R (1) model. This implies that 
whilee both individuals differ from themselves on qualitatively the same dimensions 
(i.e.,, factors), the do not differ in identical manners. That is, for subject 13 each day 
iss a new day, while for individual 22, the factor scores yesterday influence the factor 
scoress today, indicating that his/her behavior today is influenced by that of yesterday. 
Thesee structures are represented in Figure 5.1. 

Ass a result of the differences in sequential structures, the variances and covariance 
off  the factors differ across subjects 13 and 22. Hence, we have to determine the correla-
t ionss between the items and the factors for each individual separately. In Table 5.6 the 
resultss for subject 13 are given. The results from the MI VAR* (1) model for subject 
222 are given in Table 5.7. The correlation matr ix of the factors is also given. It can 
bee seen that there are no correlations between the latent series at lag zero. This may 
seemm puzzling at first, as there is a cross-relationship modeled from Reservedness to 
Bad-tempered.. However, since Reservedness itself behaves like a white noise sequence, 
thee relationship is limited to lag 1. 

5.4 .44 S imi la r i t ie s across ind iv idual s and across levels 

Wee have shown that the intraindividual correlation matrices are not invariant across 
individuals,, which implies that there is no universal structure of intraindividual varia-
t ionn in this example. This also implies that there is no homology across levels. However, 
theree may still be similarities in variability across individuals and across levels. An ex-
amplee of this is the similarity in factor structure of individuals 13 and 22 as shown 
above.. Another form of similarity in factor structure could stem from a differences in 
correlationss between the factors. If two factors are very strongly correlated, it may 
bee difficul t to distinguish between them. Hence, these factors may turn up as a single 
factorr in one individual, while they form separate factors in another individual who is 
characterizedd by a lower correlation between these factors. 

Inn a similar fashion we can look for similarities across levels. To some extent we did 
recoverr the same factors at the intraindividual level as the factors of the Five Factor 
Modell  (McCrae & John, 1992), that is, the intraindividual factors were often either 
dominatedd by one of the original factors, or seemed to be the sum of two of the original 
factors.. However, all of these intraindividual factors were "contaminated" with one or 
moree items associated with one of the other Five Factors. These "contaminations" 
mayy have been the result of chance, as we employed a highly exploratory approach, 
butt they may also be representative of specific idiographic characteristics. This could 
bee further investigated by comparing the fit of the exploratory models discussed in 
thiss Chapter to the fit  of models in which the Five Factor structure is imposed on the 
individuall  (Hamaker & Molenaar, 2004; see also Chapter 6). 



Fig.. 5 .1. Graphic representations of the latent processes of subject 22 (top) and subject 13 (bottom). 

5.55 Discussion 

Thee major aim of the present Chapter was to point out that the dominant statisti-
call  approach in psychological research, comprising interindividual techniques, is not 
necessarilyy appropriate if one wants to study psychological mechanisms taking place 
withinn individuals. This is an interesting limitation when one realizes that many psy-
chologicall  theories are concerned with, or inspired by, psychological processes situated 
withinn individuals. This is not to say that most psychological theories are based on 
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Tabl ee 5.6. 

c c 
items s 
dynamicc (E) 
sociablee (E) 
shyy (E) 
silentt (E) 
livelyy (E) 
reservedd (E) 
irritablee (N) 
emotionallyy stable 
calmm (N) 
bad-temperedd (N) 
resistantt (N) 
vulnerablee (N) 
selfishh (A) 
good-naturedd (A) 
domineeringg (A) 
helpfull  (A) 
obstinatee (A) 
consideratee (A) 
lazyy (C) 
industriouss (C) 
recklesss (C) 
changeablee (C) 
persistentt (C) 
responsiblee (C) 
unimaginativee (I) 
witt yy (I) 
knowledgeablee (I) 
prudent.. (I) 
fancilesss (I) 
uninformedd (I) 

Bad-tempered d 
Sophisticated d 
Reserved d 

jrrelation n 
Fact t 

(N) ) 

betweenn items 
orr 1 

--
--
--
--
--
--

.77 7 
-.64 4 
-.58 8 
.72 2 

-.77 7 
.72 2 
.55 5 

-50 0 
.69 9 

-.If) ) 
.65 5 

-.51 1 

--
--

.24 4 

.75 5 
-.24 4 

--
--
--
--
--
--
--

Correlation n 
1.00 0 
-.37 7 

--

andd factors 
Kactorr 2 Factor 3 prop. 

.45 5 

--
--
--
--
--
--
--
--
--

--
--
--
--

.12 2 

--
--

-.54 4 
.62 2 

--
--

.40 0 

.33 3 
-.51 1 
.46 6 
.77 7 
.70 0 

-.20 0 
-.66 6 

-.52 2 
-.68 8 
.70 0 
.76 6 

-.74 4 
.72 2 

--
.02 2 

--
--
--
--
--
--
--
--
--
--
--
--

-.35 5 

--
--

.31 1 

.31 1 
-.29 9 

--
--

.30 0 

--
matrixx of factors 

1.00 0 
-.25 5 1.00 0 

explained d 
.60 0 
.46 6 
.49 9 
.58 8 
.55 5 
.51 1 
.59 9 
.41 1 
.33 3 
.52 2 
.60 0 
.51 1 
.30 0 
.25 5 
.48 8 
.05 5 
.43 3 
.26 6 
.30 0 
.39 9 
.18 8 
.57 7 
.30 0 
.15 5 
.43 3 
.36 6 
.59 9 
.49 9 
.16 6 
.44 4 

var. . 

Tabl ee 5.6. Results obtained with the Kalman filter for the Mixed*  model, i.e.. a PT* model for 
subjectt 13. A three factor model was fitted. The first three columns contain the correlations between 
thee items and the factors obtained with the Kalman filter. A dash indicates a factor loading that was 
fixedfixed to zero based on tli e preliminary analyses executed in SPSS. Last column contains the proportion 
off  variance of an item that is accounted for by the factors. At the bottom the correlations between 
thee factors are given. 

idiographicc assumptions. Rather the opposite: Many psychological theories are based 
onn the assumption that the psychological mechanisms that they describe are universal 
andd that all individuals are subjected to the same general laws that operate within 
eachh individual. In this Chapter we argued that, the generality of processes (i.e.. the 
intraindividuall  s t ructure of variability) cannot be derived from the analysis of collec-
t ive,, interindividual measures. We introduced the condition of homology across levels, 
whichh is essential for interindividual differences to mirror the intraindividual processes. 
Wee also argued that to study the mechanisms that operate within individuals directly, 
intraindividuall  techniques such as time series analysis are essential. 
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Correlation n 
items s 
dynamicc (E) 
sociablee (E) 
shyy (E) 
silentt (E) 
livelyy (E) 
reservedd (E) 
irritablee (N) 
emotionallyy stable 
calmm (N) 
bad-temperedd (N) 
resistantt (N) 
vulnerablee (N) 
selfishh (A) 
good-naturedd (A) 
domineeringg (A) 
helpfull  (A) 
obstinatee (A) 
consideratee (A) 
lazyy (C) 
industriouss (C) 
persistentt (C) 
recklesss (C) 
changeablee (C) 
responsiblee (C) 
unimaginativee (1) 
wittyy (I) 
knowledgeablee (1) 
prudentt (I) 
fancilesss (!) 
uninformedd (I) 

Bad-tempered d 
Sophisticated d 
Reserved d 

Bad-tempered d 
Sophisticated d 
Reserved d 

Bad-tempered d 
Sophisticated d 
Reserved d 

Fact t 

{* ) ) 

Correh h 

Stan n 

Tabl e e 5.7. . 

betweenn items and factors 
orr 1 Factor 2 Factor 3 prop. 

--
--
--
--
--
--

.53 3 
-.40 0 
-.35 5 
.48 8 

-.54 4 
.48 8 
.33 3 

-.29 9 
.45 5 

-.08 8 
.42 2 

-.30 0 

--
--

-.14 4 
.13 3 
.52 2 

--
--
--
--
--
--
--

.48 8 

--
--
--
--
--
--
--
--
--
--
--
--
--
--

.11 1 

--
--

-.52 2 
.60 0 
.41 1 

--
--

.31 1 
-.51 1 
.46 6 
.75 5 
.68 8 

-.20 0 
-.64 4 

Honn matrix of fa 
1.00 0 
.00 0 
.00 0 

1.00 0 
.00 0 

lardizedd A„  mat 
.56 6 

--
--

Standardize» » 
.59 9 

--
--

1.00 0 

--

-.52 2 
-.63 3 
.65 5 
.72 2 

-.70 0 
.67 7 

--
.02 2 

--
--
--
--
--
--
--
--
--
--
--
--
--

-.32 2 

--
.27 7 
.29 9 

-.27 7 

--
--

.27 7 

--
•tors s 

1.00 0 

ix x 

1.00 0 

11 $ matrix 

--
--
--

.30 0 

--
--

explainedd var. 
.50 0 
.40 0 
.43 3 
.52 2 
.48 8 
.45 5 
.29 9 
.16 6 
.12 2 
.23 3 
.30 0 
.23 3 
.11 1 
.09 9 
.21 1 
.02 2 
.17 7 
.09 9 
.27 7 
.36 6 
.19 9 
.12 2 
.27 7 
.17 7 
.35 5 
.29 9 
.56 6 
.46 6 
.11 1 
.41 1 

Tabl ee 5.7. Results obtained with the Kalman filter for the Mixed1* model, i.e.. a MI VAR* model for 
subjectt 22. A three factor model was fitted. The first three columns contain the correlations between 
thee items and the factors. A dash indicates a factor loading that was fixed to zero. Last column 
containss the proportion of variance of an item that is accounted for by the factors. At the bottom the 
correlationss between the factors and the standardized ^-matr ix are given. 
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Thee use of these techniques may result in the conclusion that each individual is 
characterizedd by his/her own process or structure of intraindividual variation. This 
mayy seem to pose a threat to the legitimate scientific goal of identifying regularities 
andd uniformities. This is certainly undesirable and requires a constructive alternative. 
However,, we would like to emphasize that the l imitations of interindividual techniques, 
whichh may be laid bare by adopting intraindividual techniques, should be acknowl-
edgedd (Baldwin. 1946: Danziger, 1990; Epstein. 1980: Lamiell. 1990; Skinner. 1938). 
Ourr standard interindividual techniques do not address intraindividual processes. This 
l imitat ionn is of no consequence as long as one applies them to investigate psychological 
theoryy formulated at the level of interindividual differences. It is the switch from re-
sul tss pertaining to the interindividual domain to the intraindividual domain, which is 
potential lyy problematic. Whether this switch can be made legitimately requires careful 
analysess at the intraindividual level, e.g.. by means of t ime series analyses. If processes 
aree general, implying that all individuals are subjected to the same laws, the use of 
t imee series analysis wil l reveal this uniformity. In contrast, if the use of mult ivariate 
t imee series analysis leads to the conclusion that there is no generality to the processes 
wee are interested in, we should not conclude that the method is inappropriate, but 
ra therr that our theory is inappropriate. 

Iff  we have to conclude that the processes taking place within individuals are not uni-
form,, we need to formulate constructive alternatives that allow us to make meaningful 
quant i tat ivee comparisons between individuals. First, we may look for subpopulations 
withi nn our original populat ion (John, 1990). I t is possible that there is a limited num-
berr of distinct processes so that each individual falls within a certain subpopulat ion of 
individualss that are characterized by the same process. Second, we could concentrate 
onn the amount of intraindividual variation (Fleeson, 2001): Individuals who exhibit a 
relativelyy large intraindividual variation may be more sensitive to temporal and situ-
at ionall  effects, while individuals who exhibit l itt l e or no intraindividual variability are 
lesss influenced by the environmental changes, and can be said to be more "traited'' 
(cf.. Baumeister & Tice. 1988; Bern k Allen, 1974). A third alternative is to consider 
thee complexity of the intraindividual structure: If an individual is characterized by 
ann i?-factor structure, this implies that (s)he differs from herself/himself in an R-
dimensionall  space. An individual with only one intraindividual factor can be said to 
havee a very simple structure of variability, where changes in one aspect of his/her be-
havior,, thoughts or emotions are typically accompanied by changes in all other aspects. 
I nn contrast, if an individual is characterized by multiple intraindividual factors this 
impliess that a change in some aspects of his/her intraindividual system can remain 
locally,, wi thout effecting all aspects of the system. Such a more differentiated pat tern 
off  variability has also been interpreted as a form of stabil ity (cf. Jones & Nesselroade, 
1990).. A fourth alternative involves is the intraindividual means. This mean may be 
interpretedd as an individual's trait score, that is, his/her averaged tendency to behave, 
feell  or th ink in certain ways (Epstein, 1979, 1980: Lord & Novick, 1968). This may 
bee used readily to compare the individual to other individuals and to group norms of 
averagedd tendencies. We develop this proposal into a model in the next Chapter (see 
alsoo Hamaker & Molenaar, 2004). 

Finally,, we want to stress that we do not mean to imply that intraindividual 
techniquess should be favored over interindividual techniques in psychological research 
(orr vice versa, for that mat ter ). Intraindividual techniques are appropriate when one 
wishess to investigate processes operating within individuals, and if one wants to estab-
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lishh the existence of a nomothetic principle (Grice, 2004; Lamiell, 1990). Interindividual 
techniquess are appropriate when intraindividual variability is small (compared to in-
terindividuall  differences), and/or if one is interested in the distr ibution of variables 
inn a population (at a certain occasion), and in comparing this distr ibution to that 
inn other populations (or at other occasions). Both kinds of techniques can be used 
too obtain psychologically relevant information, and they can be used complementary 
too study the same psychological constructs from different angles (Danziger, 1990). 
However,, we want to stress that the choice between these techniques should depend 
onn what kind of knowledge one wishes to obtain, and on the kind of hypotheses one 
wantss to investigate. 

5.66 Append ix 5.A 

Thee intraindividual correlation and the interindividual correlation are not directly 
related.. This can be shown as follows. Suppose one has two variables x and y. The 
scoress of a given individual i at a specific occasion t is denoted as xu and y^. These 
scoress are functions of the intraindividual mean, i.e., the mean within that subject 
overr t ime, and a departure from this mean. So we have: 

JTi.tJTi.t = Vxi + au Et[xu} = fi.xi 

Ui,tUi,t = Vyi + "i. t Et[yi tt]  = Vyi 

wheree E; denotes the expectation over t ime (while i is fixed). From these we get the 
intraindividuall  variances and covariance: 

E;; [(xu - Mxi)2] = Et [a?,] = a2
xl 

Ett [(l/i. t - Vxi)2\ = Et ]u2
u\ = a2

m 

E(( y{xLt ~ fJ-xi) {Vi,t ~ Hxi)\ = CTxyA , 

andd from these the intraindividual correlation between variables x and y is 

Pxy.iPxy.i — 
°~xi°~yi °~xi°~yi 

Att the interindividual level we have 

Ei[xEi[x  ü} = Ei\jixi + au]  = Ei[fi xi]  + 0 = fix 

Ei[yEi[y üü]]  = Ei[/jt yi + uu] = Ej[/ij,i ] + 0 = //y . 

thatt is, the expectation over individuals at a single measurement occasion (t is fixed) 
iss equal to the mean of the intraindividual means. Hence, the interindividual variances 
off  x and y are 

E,, \(xu - //x) J = E, ^(nxi + au - Hx) J = Ej [(nxi - fix) J + E*  [a?,] = a2  ̂ + / / ^ 

EiEi [ ( y u - //y)2] = Et \[nyi + ui.t - /xy)
2J = Ei[(tiyi  - My)2J + E,- [u2

u]  = a2
yt + ^ 

andd the covariance between x and y is 
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E»» [{xi.t  - Pr) {yu - Ms,)] = E,; [{pxl + aiA - px) (pyt + uu - / /y) ] 

== E," [(/iw - ^j.) (fiyi - /ij,)J + E,- [a,-.,Uj.,J 

Thus,, the interindividual covariance between variables x and y is the sum of the in-
terindividuall  covariance of intraindividual means, i.e., (Tflrit ,ui. plus the interindividual 
meann of the intraindividual covariance. i.e.. PaTyi- The interindividual correlation can 
bee calculated from these variances and covariance. in the following way: 

Thus,, it is clear that tliere is no direct functional relationship between the intraindi-
viduall  correlation pxyA and the interindividual correlation pry. 

Theree are four si tuations in which pxy, — pxy. In the first two situations, the 
intraindividuall  variances and covariances may differ across individuals, as long as the 
correlationss are identical. This implies that only standardized results may be generalized 
acrossacross individuals. Then, to generalize standardized results from the interindividual 
levellevel to the intraindividual level, there are two possibilities. First, the contribution of 
thee covariance of intraindividual means (i.e.. crft r i / Jy () to the numerator of the equation 
off  pxy. and the contr ibution of the variances of intraindividual means (i.e., a2 and 
afaflf/ilf/i )) to the denominator in this equation should be so that pxyA — pxy. In addition, the 
rat ioo of intraindividual variances must be equal to the ratio of interindividual variances. 
AA second si tuat ion in which one may generalize standardized results across individuals 
andd across levels arises when there are no mean differences between individuals (hence 
aav.,v»,v.,v», = tfr, = aly, = 0)- Then. pxyJ = pxy when o1  ̂ = a2.,. 

Inn the third and fourth situations, the intraindividual variances and covariances 
((aairir  a'yr a n a' Vxy.i) are the same across all individuals. This means that all unstan-
dardizeddardized results may be generalized across individuals. Then, in the third situation. 
standardizedstandardized relationships may be generalized from one. level to the other if there are 
differencess in intraindividual means, and the contribution of the covariance of intrain-
dividuall  means (i.e.. crfllltlyi ) to the numerator of the equation of pxy is equal to the con-
tr ibut ionn of the variances of intraindividual means (i.e.. a1, and a2, ) too the denomi-
natorr in this equation. The fourth and final situation in which pxy_, - pTy arises when 
theree are no mean differences between indiv idua l̂  thus. o-)!r41yi = a1 = a\ = 0). 
Then,, the variances and covariances (i.e.. the unstandardized relationships between 
variables)) at the two levels are necessarilv identical, that is a2, = a2 a2 = a2, and 
o~xy.io~xy.i = o-xy. This is the only situation in which all results (so not. just the standard-
izedized results), may be generalized from one level to the other. This situation can be 
recognizedd as ergodicity. which may be heuristically characterized as that the means, 
variancess and covariances at the intraindividual level and the interindividual level 
aree asymptotical ly identical. For a mathematical definition of ergodicity we refer the 
readerr to Petersen (1983). 


