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THE IMPORTANCE of multivariate, intraindividual de-
signs for studying process is well appreciated by students of be-
havior and behavior change. ’Unfortunately, optimal research de-
signs are often not implemented because of the difficulty and
expense of collecting an abundance of repeated measurements
on large, representative samples of participants. We propose a
method for modeling multivariate~process data that preserves
the benefits of both intraindividual and group analysis while al-
lowing design compromises that bring an encouraging line of in-
quiry within easier reach. The methad invelves evaluating sta-
tistically the validity of pooling the lagged covariance functions of
multiple individuals’ short time series for further dynamic analy-
sis (e.g., Molenaar, 1985, 1994; Wood & Brown, 1994). We empha-
size a focus on process, using idiographic information to pursue
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nomothetic laws, and the application of multivariate measure-
ment and latent variable modeling,
A Focus on Process

The collection, analysis, and interpretation of data through
which process can be modeled is an important aspect of contem-

porary behavioral research. Indeed, we find compelling the argu-

ment that behavioral phenomena cannot be properly understood '
until they can be cast in dynamic, change-process terms rather
than the stutic, stability-oriented conceptions that have dominkt-

ed not only psychology but acience in general for the past couple

of centuries (Gergen, 1977; Holling, 1973),
Oue fairly sturdy connotation of the term process is that pe.r-
tinent data are temporally organized. Certain events precede
- others, changes in some of o dystem'’s paraineters occur befors
others, and.“recovery” of the system from pert‘urbing outside
forces may be rapid for some manifest variables, gradual for oth.
ers. The feature of time-relatedness invokes special considera-

tions in modeling repeated measurements.

ldiographic Emphases Within the Pursuit of
Nomothetic Laws

A conceptually distinet, but nonetheless related emphasis to that
on process involves the use of intensive information about indi.
viduals to build strong nomothetic relationships covering groups
(Lamiell, 1981; Larsen, 1987; Nesseiroade & Ford, 1985; Sho-
da, Mischel, & Wright, 1994; Zevon & Tellegen, 1982). The ex-
plorution ofidiographic contributions to nomothetic relationships
18 consistent with a belief that group-based analyses and stale-
ments of relationship often are not very satisfying.

There are at least two reasons for dissatisfaction with group
datn. Analyses often lead to aggregaling data over individuals
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who are qualitatively different from each other, distorting the ag-
gregate into an entity that has no parallel in the group (Lamiell,
1988). This can be especially troubling when the sample is com-
posed of distinct subsamples. Second, because of fiscal and tem-
poral constraints, group analyses are often based on relatively
superficial attributeas of individuals; “important” attributes of in-
dividuals are not being represented in the data. A corollary of
this sentiment is that characterizations of individuals based on
intensive measurement schemes will provide a more fruitful bo-
sis for group analyses.

Measuring an individual day aRer day, for oxample, and
studying the changes can yield a different picture of how behavior
“works” than measuring a group of individuals at a single time
and analyzing the differences found among them (Lamiell, 1988),
The two kinds of “portraits,” one based on within-person changes
and the other based on among-persons differences, may or may
not be mutually consistent.

Femiliar tools for analyzing individual time series call for
large numbers of repeated observations. Unfortunately, research
designs often are not underwritten with sufficient financial re.
sources to permit the meusurement of many people o many
variables at many occasions of measurement, One secks to find
an optimal configuration of design parameters that meshes well
with the research objectives (McArdle & Woodcock, 1995), One
can swap persons for occasions of measurements, for example,
but there are realistic limits on how far this option can be taken.
Thus, practicable longitudinal research designs often do not in-
volve either enough repeated measurements for traditional time
series analyses or enough replicate individuals for traditional,
large-sample analyses. Methods for extracting process-relevant
information rigorously fromn such data are at a premium.

Multivariate Measurement and Analysis

A third line of emnphasis has to do with collecting multivari-
ate data in order to model process in terms of latent vari.
ables rather than observable ones (Bultes & Nesselroade, 1973;
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Bentler, 1980; Cattell, 1966; Horn & McArdle, 1980). In be-
havioral research, tools for analyzing data obtained from merg-
ing frequently repeated measurements and multivariate obser-
vations include multivariate time series analysis (e.g., Holtzman,
1963; Larsen, 1987; West & Hepworth, 1991), stationary compo-
nents analysis (Millsap & Meredith, 1988), and P-technique fac-
tor analysis (Cattell, 1963; Nesselroade & Ford, 1985; Zevon &
Tellegen, 1982).

P-technique factor analysis, used somewhat sparingly for its
nearly 50 years (e.g., Cattell, Cattell, & Rhymer, 1947), involves
fitting the common factor model to one individual's multivariate
time series (Cattell, 1963). The difficulty of collecting appropri-
ate data and the limitations of P-technique factor analysis have
made some researchers disdainful of using it (Holtzman, 1963;
Molenaar, 1985; Steyer, Ferring, & Schmitt, 1992).

Refinements of the basic P-technique factor analysis method-
ology have involved both design modifications (e.g., studying
replicates more or less concurrently to answer questions of gen-
eralizability; Jones & Nesselroade, 1990; Lebo & Nesselroade,
1978; Nesselroade & Ford, 1985; Zevon & Tellegen, 1982) and
changing factor model specification (e.g., representing the dy-
namics resident in frequently repeated measurements; McArdle,
1982; Molenaar, 1985; Wood & Brown, 1994). The model specifi-
cation changes have resulted in some very promising data analy-
sis tools; one of which—dynamic factor analysis (Molenaar, 1985,
1994; Wond & Brown, 1994)—will be discussed subsequently.

Statemén\ of the Problem

Given a high level of interest in time-dependent, multivariate
data structures and the infeasibility, in many cases, of collect
ing hundreds of repeated observations on many participants, a
promising research tool is a rationale and procedure for both (a)
_pooling relatively short time series information across limited
_numbers of participants and (b) analyzing the pooled information
for its dynamic, process-relevant elements, It is these matters
that we address.
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What |s Naeded?

A formal procedure for combining information across exper-
imental units requires both & determination of the appropriate-
ness of pooling and a scheme for analyzing the pooled informa-
tion. Such a method promises huge dividends by enabling re-
gearchers to exploit data that contain information about dynam-
ica and change but which, because of limited numbers of repeated
observations, do not permit the application of traditional meth-

ods of analyses.
Eartier Wark on the Problem

Efforts to combine cross-seétional and time series data can be
found in the literature of various disciplines (e.g., Caines, 1988;

" Shumway, 1988). Within psychology, chain P-technique factor

analysis (Cattell, 1963; Cattell & Scheier, 1963) is an early ap-
proacl{ to the pooling of intraperson change information across
cases. It involves separately standardizing the multivariate time
geries of two or more individuals, pooling (chaining) the sets of
standardized scores into one long multivariate tine series for
factor analysis. Unfortunately, these techniques do not include
a direct test for assessing the propriety of “chaining” information
over participants and empirical demonstrations suggest that the
blind application of pooling methods can mislead seriously re-
garding the structural characteristics of the repeated measure-
ments (e.g., Daly, Bath, & Nesselroade, 1974).

Pooling Dynamic Structures Rather Than Individuals’
Time Series

In contrast to the “chaining” of individuals’ score matrices as
in the chain P-technique or averaging time series across geveral
individuals, we focus on first determining the lagged covariance
function of each individual’s multivariate time series and then,
if justified, pooling these lagged covariance functions. Therefore,
our use of the term pooling has a rather specialized connotation
that is elaborated in the next gection.
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Assessing the Poolability of Individual Covariance
Structures: A Test of Ergodicity

We first present a formal means for assessing the appropri.
ateness of pooling dynamic information across multiple individ-
uals, Subsequently, we discuss a statistical model—dynamic fac-
tar analysis—for analyzing the process information in the pouled
structural descriptions,

Ergodicity

Assessing the “poolability” of individual's dynamic informa-
tion is cast in the statistical mechanics terminology ergadicity
(Arnold & Avez, 1968; see also Molenaar, 1994), Consider a dy-
namical system that is starteq up under given initia) conditions.
The p-variate time series output of this system is a trajectory in
some region of p-dimensiona Euclidean space called the phasc
space of the system. The system's dynamics can be character.
ized by a functional analysis of this trajectory, In particular, if
the system is stochastic then averages (moments) can be taken

in phase space, In this case, Lthe system dynamics can be ap-
prehended by taking averages over the density of trajectories in
phase space, :

The key question is: Is the characterization of the system dy-
namics based on averages along a single trajectory equivalent to
that based on Averages aver the density of multiple trajectories in
phase space? Systems for which this equivalence holds are called
ergodic. Speaking heuristically, an ergodic system “forgets” the
initial conditions from which it started. Consequently, the trajec.
tory describing its output covers the phase space in the same way
as the outputs of a eollection of identica) replicas started from dif.
ferent initial conditions would cover it
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More to the point, is the structure of dynamics at the indi.
vidual level sufficiently homogeneous across individuals that one
can treat these i 4ividual dynamics ag representing a common
structure? A relat.d Question is: Do the processes that represent
how individuals change also account for how individuals differ
from one another at a given point in time? Cattell (1963), for ex-
ample, argued that factors *,. . should have a unity of growth (or
fluctuation) as well as a unity of structure in terms of static in-
dividual differences"(p. 168). It was on this basis that he argued
for a coherence of intraindividual change factors derived from P-
technique analyses and interindividual difference factors derived
from cross-sectionul (R-technique) factor analyses.

To construct a test of the appropriateness of pooling informa-
tion across multiple cases, we focus on the covarinnce functions
of the individual time series. In relation to the preceding distine-
tion, single-subject time series analysis is tantamount to taking
averages along a given trajectory, whereas in ordinary longitudj.
nal analysis (e.g., panel data analysis) avorages are taken over
the density of trajectories associated with the sample of subjects.
Pooling of the covariance functions over multiple subjects is on-
ly justified if the behavioral system under scrutiny is ergodic.!
Thus, the basic data with which we are concerned are in the form
of N (persons) data matrices of order T (oceasions for the ith per.

able from them.
Lagged Relationships

Lag will be used in two different senses. Ono has to do with

relationships among observed variables, The magnitude of re-
[
——

! 1n classical tat theory, the true score of o subject i definvd ax the average
over repeated applications of the test to this subject (Lord & Novick, 1968). This
is reminiscont of taking an Average along a single trajectory. However, it is
concluded that such repeated measurement of a single subject iy not feosibly due
to memory efMacts, fatigue, and oo forth, Hence, averages nre taken avor a single
application of the test to & collection of aubjects. Thi is reminiacent of taking an
tverage over phase space. Thus, it seams in practice, at Jangt, that psychometry
Tests, 1o some extent, on a conception of ergodicity. Similar argunients could be
made in reference to scaling methods in which one-time judgments of several
participants are used in place of repeated judgments of a single participant,
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lationships between two variables differa depending on whether
the obaervations on one variable are concurrent with, or lngged
by one or nore oceasions of measurement on the observations on
the other varinble. The data can be “played” by leading and lag-
ging variables on each other to extract more of the information
inherent in the repeated measurements. In contrast to this “cor-
relational” senso of lag, there is also the notion that “causal” re-
lationships (e.g., botween latent factors and observed variables)
are time referenced. A factor's effect on a variable may be im-
mediately large and then dissipate gradually with time or it may
be delayed, reaching its greatest magnitude several oceasions of
mensurement later and then dissipating. )

The Statistical Test of “Poolability”

The firat step in assessing the “poolability” of N individuals® .

lagged covariance structures involves the construction of N spe-
cinlized covariance matrices, one from the time series data of
ooch participant. These N specialized covarianco nmalrices are
then tested for lack of equality. The covariance matrices, of a
form known as block-Toeplitz matrices, are constructed as fol-
lows.

Let z;(), t = L. 2.3.....T;, denote the p-variate time series
(T; occasions in length) of the ith participant (i = 1. 2,....N)
Let Ci(u) denoto the p x p matrix-valued covariance function of
z(t)atlagu,u=01.2..... w, Thus, C;(0)is the pxp covariance
matrix for the ith person with no (zero) lagging of the variables
on themselves or each other, 1t is the matrix one would ohtain by
trenting the 7 occaaions for person i os though they were N = T}
cases and covarying the p variables across the N cases, This ma-
trix is the one factored in traditional P-technique factor analysis.
Ci(1) is the p x p matrix of lag 1 covariances between variables
(i.e., times ¢ and ¢ + 1) for the ith person, This matrix, which
although square is ordinarily not symmetric, contains the lag 1
autocovariances of the variables in its principol diagonal. The re-
maining Ci(u) up to some maximum lag (1 = w) are constructed
in a similar manner.
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The various C;lu) are put together to form a block-Toeplitz
covariance matrix, S;(w), for each individual as follows:

Siwy=Cii-k.  jhk=01...w

with Cjt~u) = Cj(u), and”’ denoting matrix transposition. Thus,
each S;(u is a gupermatrix, the submatrices of which are the
unlagged and lagged covariance matrices hased on the ith par-
ticipant's data. The construction of a block-Toeplitz matrix for
10 w 4 is illustrated in Figure 1. It contains w + 1 lag 0 portions
{symmetric), w lag 1 portions (asymmetri¢), w = 11ag 2 portions
{asymmetric), ..., and one lag 4 portion {nsymmetric). The diago-
nal entries of all submatrices represent autocovariances of the |
variables for the corvesponding number of lags. For addition-
al discussion of the nature of these block-Toeplitz matrices, see
Wood and Brown (1994).

Testing the N block-Toeplitz matrices described previous-
ly for statistical equivalence requires the calculation of sev-
eral intermediate values: M = T Mi, where M; = (Ti - 1)x

Figure 1 Tospliu-Transformad Coveriance Matrix for Lags 0, 1,2, 3, end4:
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lnldatlSuum~~ln|dutlS/(w)ll.Suu) = DT~ DSw)) T)(Ti- 1),
und 77 iv the longth of the time series, z:((), for the ith par
Uelpant.  Also required are the values: o = T(1/(7) - n,
b (175 04T = 1)1, and o

o] 2md k3 - | [1__1_]
emt- bm+ DN=-1) ' la "5/

where N In the number of subjocts and 1 = P(w + 1), which, ;by(

\

tho way, iy also the order of the matrices S{iw) and Sitw),
Undar the null hypothesis that the individual participants’

laggod covariance functions da nut differ from sach othwr, the .

product ¢+ M (s dintributed approximately as a chi-squared varj.
able (se0 Morrison, 1990, P- 287). Ordinarily, the “pproprinto
degrees of fresdom would be m(m 4 1)(N - 1)/2 for m x m ma-
tricow, In thiy cnue, howoever, becuuse of the redundancies in thy
block-Toaplitz lagped covariance mateix, the appropriate dogrees
uf frovdom is computed as 11/20@ 4 1) + wpi)N - 1.

Caution iy appropriate regarding the use of chl-squared
atativtics for teating and mode] fitting in this context. The work of
Taniguchi and Krishnaiah (1987) concerning sempling distribu.
tions of the covariance funetions of time series and the sigenval.
usr and eigonvectors of the covariance function at lag 0 suggest
the possibility that asymptotically the statistics we uge to test
poolability are chi-aquared distributed if the observed multivari.
ato time series of ench subject is Qaussian, However, it is only
& duggestion concerning an asymptotic result, Extenaive, large-
acale simulation work fs needed Lo evaluate this possibility in the
specisl cage In which we are lntoruud—ulutivoly short time
sories for each participant,  Such simulations should compare
both the uae of pssudo-maximum Iikelihood and asymptotically
distribution.free estimation and the uge of teat atatistics that are
robust againat misspecification of the distribution of the obyerved
time seriea data (see, 0.5, Bantier & Dudgeon, 199s), Lacking
the information that simulation studies are txpected sventually

FEL]

Pooling Legoed Covarlancs Strveturey

If the value of the teal statistic is not sgnificant, pooling the
lagged covariance functions for the perticipants 4o providy an
ostimate of o single-population lagged covariance functlon is sta.
tiatically justified. Structural modals Tepresenting change pro-
cesses (0.8, the dynamic factor analysis model, Molanaar, 1686;
Wood & Brown, 1984) can then be fitted to the pooled covariance -
function, S(w), 4

When 2 significant teal statistic leads o rejection of the
ergodicity hypotheais, one can try Lo create homogeneous sub.
groups by sequentially deleting the most “deviant” subject from
the sumple and reapplying the tast, W have explored two ways
to do this. The obvioys Way is to sliminate the person with the
Iargest M; valus (defined proviously) sincs Mi indicates the ith
subject’s contribution to the overall statistic {properly weighted
by ni). A glven person's M, value, however, i o function of the
remaining ¥ - participants’ data, g0 changes of only one per.
son in the makeup of thy aample can alter the relative size of a
Participant’s M; valus. An olternative way to identify the moat
deviant subject has proven to be much more effective and js eas.
fly implemented, |t involves sliminating each subject in turp,
recaleulating M for each subsample of i - 1 individuals, The
subsample of N - § giving the smallest M s retained. If the test
statistic is otil) significant, the procedure is Fepeated, calculating
M for sach posaible subsample of M - 2. This algorithm can be
Fepeated until sither the test atatistic is no longer significant or
the original sampls is decimated, When one aubset of the sampls
hax been selocted 8¢ having “poolable” lagged covariance func.
tions that subsample can be removed for dynamjc factor analysis

! The st of vquality of the individua} block - Tuaplits mairices can be
carrind out using the multigroup option In LISREL. Rach subject conatityteg
A group and ony dlmply conatraing the block-Toaplits matrices b0 be {nvariunt
Reroas groups, The chiszquare ‘oodnm-of,ﬂt atatiatie thus obialned i squiva.
lent to M dafned previously. Premultipheation by ¢ ean be eareivd out 4 poate.
viorl, A drawback of the multigroup LISREL Approach Is that, oy thy number
of variabley incraases, the computer memory raguiremants Quickly becomg large
and computation tims 18 long. Thy LISREL.based trgodicily test inakes clear
that the chi-squared distribution for ¢ . pf is & likelihood ratlo toat where the
numerator ia the likelihood of the moda} consirained to be qual acroap groupy
and the denominator Is the likelihood of the unconttralned ot of block-Toeplitz
mabrices.
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and tho test procedure applied to the remainder of the sample Lo
see if additional humogoneous aubacts remain.

pynamic Factor Analysis of pooled, Lagged
Covarlance Functions

Dynamic factor analysis (Molenaat, 1986, 1994, Woud & Bruwn,‘\
1094) is a merging of two important analytical tooly—multivariate

time serics analysis and the common factor model. It was mo-

tivated by the potential value of factor analyzing multivariate
time series coupled with the realization that the traditivnal com-
mon factor model did not fully exploit the information inherent
in multivariate time aerios; indeed, that its application {0 time
serios data could be misléading with certain kinds of process ine
formation (Holtzman, 1963; Molenaar, 1886 Steyer ot al., 1992).

The dynamic factor model (DFM) incorporuting ¢ factors und
s lagy of manifest variables on common factors (DFMlg, s} is
specified as

2(8) = AQ)en(t} + A(lm(e - b
4ot A8 - 1yl = 4+ 1)+ elth

(h

where z(t) is the observed or manifest p-varinte time soricy, 4t
is the latent g-variate factor time serles, s(t) {s & p-varinte noise
time series, and A(u), u = 0.1.....8= 1, arepxy matrices of
lagged factor loadings. Thus, the various Ay, u=0.1.....8 1,
can diffor from each other, signifying that the regressions of the
variables on the factor vary with the amount of lag.

For the common factor model of lag 0 only, Equation 1 reduces
to z(¢) = Aait) + ¢(t), which is the familiar P-technique factor
model if both n{t) and ¢(t) are white-noise serics. The fuller mod-
el (Equation 1) indicates that the observed variables at time ¢
are functionsg not only of the common factors at time {, but also of
those same common factors up to s — 1 occasions earlier. In other
words, the values of the common factors can influence the values
of the observad variables both concurrently and in delayed fash-
ion. Instead of being limited to immediate effocts, the common

a4

roQilly wUgys™¥ ¥+

factors influence on the varinbles can be exerted over several vee
casions. :

Notice that the specific noise series &j(6),j = 1.....pocan ho
autocorrolated but the laggoed crogs-correlation botween diffurent
specific noise series, for example, between g;(4) and &1t +1 VJ# R
is nssumed to be zero for all u, Including u = 0. Thus, analugous
to tho assumption of uncarrolnted uniquo variances in the tra-
ditional common factor model, a lack of correlntion between the
unigque series for all lags, including zero, ix ugsumed.

Alternatives to these structures can be fitted to data, pro-
vided one has enough information to identify the purameters. A
dynamic factor mode) for one factor, two manifest variables, and
s = 3, DFM(1,3), is schematized in Figure 2. .

After o sufficient length of time (lag) nll stationary auto-
and cross-correlations decay to zero. Thus, if the occagion sam-

Figure 2 Dynamic Factar Model for one Factor (F1) and Lags of 0, 1, and
2 [OFM(1L D) Shown Here With Thres Manihwat Variables (V1, V2, V3.
.Also Shown. Are tha Unlque Factor ful, u2, u3) and Their Autocovari-
‘ances, - OnerHeaded Arrows Represent Factor Loadings. Two-Headed
. 7. Arrows Repressnt Varfances ond Covariances
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pling frequency is low enough (i.e., if the time intervaly are long
enough), then the ohserved series will become white noige und
appropriate for fitting by the traditional P-technique factor mud-
el

An Empirical Example

The test of equality oflagged covariance functions and the follow-
up dynamic factor nnalyses iy demonstrated using a subset of
datn reported elsewhere (Eizenman, Nesselronde, Featherman,
& Rows, 1997; Kim, Nesselroade, & Featherman, 1996),

Data

The data are short, multivariate time series fram a sample
of 31 older adults. The mean age of the older adults who partic-
ipated in the study was 77.5 years (8D = 7.2 yoars). They lived
in a rotirement cormnunity, Cornwall Manor, in central Pennasyl-
vania. The participants, all of whom were volunteers, reprosent
an above-average selection of individuals with regard to health
atatus, education, and other demographic characteristics,

A subset of four cognitive performance and two biomedical
variables was solacled for the analysos reported here. Included
are digit span forward (DSF), digit span backward (DSB), two
trinls on a delayed spatial rocognition task called here Board
Game 1 (BG1) and Board Game 2 {BG2), systolic blood pressure
{(SBP), and diastolic blood pressure (DBP). The SBP and DBP
meRsurements are averages of multiple readings that were tak-
en within each weekly session.

The subjects were measured each week for a period of 25
weeks. Subjects were “platooned” into a Monday, Wednesday,
Friday group and a Tuesday, Thursday, Saturday group, With.
in those 3-day possibilities, measurement days were varied ran.
domly acrosy the 25-week period. Thus, & given individual in the
MWF platoon might be measured on Monday of one week, Friday
of the next week, and Wednesday of the next week, and so on.
Measurements were done by personal intarview between trainnd
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testers and participants, Usually, the measurements were made
in the living quarters of the participant, For this analysis, we
1gnore the fact that the weekly measurements were not evenly
apaced. .

Testing the “Poolability” of the Participants’
Covariance Functions

larger than 1, The test statistic which, under the null hypothesis
is distributed as chi-square, was 2,400.23 (df = 1,710), which is
Matistically significant well beyond the p < .001 level, Thus, the
verdiet way that, as a set, the lagged covariance fanctions of the
N = 31 subjects were sufficiently different from each other that
pooling them wag not justified,

The iterative “search” analysis described previously identi.
fied a subsample of 10 individuals’ lagged covariance functions
that met the ergodicity criterion (x* = 557.68, df = 513, p =
.084). More wil] be 8aid in the discussion concerning the implica-
tions of finding that only 10 of 31 cases’ data met the criterion for
inclusion in the dynamic factor analysis,

The outcome of the dynamic factor analysis reported next

vidual cases. On the other hand, the factor series for each indj.
vidual can be determined, Thus, when multiple common factors
are involved, for instance, it is possible to detect individual dif-
ferences in the patterning of relationships among factor serigg
over time. Hence, pooling across subjects does not imply that id.
lographic characterization of each individua] js irretrievably logt.
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Fitting the pynamic Factor Model to the Pooled
Covariance Functions

A series of dynamic factor models was fitted to the block-
Toeplitz matrix 8(w) derived from the pooled covariance function
C(u) of the 10 subjects. First, one-factor dynamic models with
increasingly Jagged loadings IDFM(1.9), § = 1,2.3,4,5] were
fitted.? Subsequently, we fitted a set of confirmatory, dynamic
two-factor models with increasingly lagged loadings IDFM(2.5),
g = 1.2,3.4,5] to the block-Toeplitz matrix. For the two-factor
models, the first latent factor series was specified with lagged
Joadings on the four manifest cognitive geries and the gecond la-
tent factor series with lagged loadings on the two manifest blood
pressure geries. Thug, in all the model fits to be reported later,
w = 4, meaning that u takes on five values, 0, 1, 2, 3, and 4.
Hence, given that the manifest series are six-dimensional, it fol-
lows that S(4) is 8 30 x 30 matrix.

We fit the series of models using LISREL 8 (Joreskog & Sor-
bom, 1993). LISREL 8 requires the user to input the number of
observations (NOYon which the input covariance matrix is based.
We calculated NO as follows for this situation:

1 Ne ttax
vo- [ b -]

=l u=l

where N, is the number of cases on which the block-Toeplitz ma-
trix is based, Ti is the number of occasions of measurement for
the ith individual, u is the lag, and ¢ is a correction for miss-
ing data devised by us for this purpose as the average number of
missing values across all p-component geries for the N; subjects.

The rationale for fitting a series of models rather than a sin-
gle a priori model in dynamic factor analysis was -digcussed by
Molenaar (1986) and Wood and Brown (1994). Suffice it to say

that, at this point in the development of dynamic factor analy-
sis, choosing an optimal configuration of the number of factors

4 The reader is reminded that DFM(1, 6), for example, specifies & one-factor
model in which variables are lagged on factors with lags of 0,1, 2,3, and 4.

238

and the number of lags {s not a matter of direct calculation but,
rather, requires a systematic gearch process. Search methods
certainly involve some risks (e.g., MacCallum, 1986), but, in the
present case, the small sample size is compensated for somewhat
by the fact that each participant was measured on 25 occasions.
Formal characterizations of the roles of the number of partici-
pants and the number of vecasions of measurement in ascertain-
ing statistical power for this kind of modeling remain to be devel-
oped.

The series of model fits was evaluated by chi-square goodness-
of-fit statistics and the derived Akaike's information criteria
(AIC = chi-square — twice its df; cf. Bollen, 1989). The fit in-
dex values are presented in Table 1. It appears that DFM(1.5)
yields the best fit in terms of chi-square relative to its degrees
of freedom. Interested readers can consult Molenaar (1985) for a
discussion of how to adjust LISREL results for the redundancies
in the block-Toeplitz matrices.

Estimates of Noise Series Parameters
Before presenting the factor loadingé, we will briefly discuss

the noise series that are also a part of this madel. Let g(t) de-
note the specific noise time geries for the jth manifest series and

Table 1 Dynamic Factor Mode! Fits to Pooled Covariance Functions
Varying Number of Factors and Number of Lags (s)

Dynamic Factor Model
DFM(1, 8 DFMI2. 5)

s 2 df AlC x? df AlC

| 336.08 129 78.66 336.08 128 - 80.06

2 303.39 123 67.39 290.87 122 46.87

3 270.30 "7 36,30 242.58 16 10.58

4 229.98 m 7.98 236.92 10 16.92 |.

5 206.52 105 -3.48 206.16 104 -284 |
239



STATISTICAL STRATEGIES FOR SMALL-SAMPLE RESEARCH

let ¢)tu), u = 0,1,.. ., denote the Jagged autocovariance l'un'ction
of wj(t). Notice that it is nasumed that the lagged cross-covarinnce
function botween #;(2) and 4 (t - u) is zero ifj # k. The estimates
of ¢ilu), 1= 0,1,2,3. 4, are presented in Table 2.

The lag 0 nutocovariances of the noise series for the manifest
cognitive serios tend Lo be larger than those of the noise aeries for
the manifeat physiological series. In addition, it can be seen that
the noise suries specific to the dinatolic blood pressure series has
larger lagyued awtocorrelations than the other series. These vals
ues ure consistent with the systemic role of diastolic blood pres-
sure in the functioning human organism.

Teble 2 Estimates of the Spacific Noise Series’ Legged
Autocovariance Function for Lags of 0, 1. 2. 3.4 and Factor
Loadings for One-Factor, Five-Lag Model

Lagiuy

Varisble . vasld us! u=x2 wuuld und

Speclfic Noise Series Autocovariances

Oigit span forward .85*  18* .09 .06 .04
Digit span backward 96* .07 -5 - .02 .02
Board Game 1 77¢ -.28* -08 -.08 02
Bosrd Game 2 97 A1 .09° 04 - 160
Systolic blood pressure .76 M -.04 05 .10
Diastolic blood pressure .55* .28 .29 ~.36* .12

Factor Loadings

mated standard error.

Digit spen forward 18*  09* .03 -.06 .06
Digit span backward .00 a1 07 .08 .13 )
Board Game 1 28%  28* .20 21 05
Board Gamea 2 A2 07 A2 04 .03
Systolic blood pressurs -13% 160 31 40 290
Diastolic blood pressura ~.42* 08 44° 25 .08

Note. * Indicates that ths paramater valuse is greater than twice its esti- .

Pooling Lagged Covarlance Steuctures

Intarpretation of the Lagged Factor Loadings

The estimated factor loadings fur this model ar¢ presented in
the lower panel of Table 2. The loading pattern is rather cumplex,
with all lags having at least two statistically significant loudings.
The concurrent loadings (Ing = 0) tend to be greateat in mag-
nitude for the cognitive variables with the notable exception of
DSB. It is instructive to compare the entire loading pattern with
the lag = 0 column only. The latter are the relationships cap-
tured by traditional P-technique factor anulysis. Taken alone,
these concurrent londings reflect an inverse relationship between
the cognitive series and the physiological series but the lagged

: loadings elaborate the nature of the relationships over time in a

much more detailed pattern.

In our experience thus far, interpretation of factor loading
patterns should not be based only on direct inspection of the
loadings. Rather, one should also focus on the auto- and cross-
correlation functions derived from thuse lagged loadings, There-
fore, we next examine the analog of the commion parts of the vari.
ables in the traditional factor model—the communal part of the
selected DFM(1, 5. The selected DFM(1.5) is given by

2 = A0 () + ANt = 1) ... Ayt - 4) +o(t).

We label the expected covariance function of z(#) based upon the
latent factor series the ¢communal covariance function of z(t),
Hence, the “total” covariance function of z(¢) consists of the sum
of the communal covariance function and the covariance func-
tion of «(t). Let e(u,j. k) denote the communal covariance func.
tion at lag u between the Jth and the Ath component series of
2, jik=12....6andu= -4 -8 -2.-1,0.1,2.3, 4. Then
ctu, j. k) is estimated by

el k) = E[[A0. /)ity + A1 jinee = 1)
oo MANNE = 4] MO R + 1)
ML+ u =1+ A4 u - 1)),

Here, A(u. w) denotes the loadings at lag u of the wth component
series of z(¢) on the factor series. In the one-factor case, cach
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Mu, w) and each it + ) is a scalar. For DFM(2. 5), for example,
each A, w) would be n 1 x 2 row vector and each nit + u) would
bea 2 x ) column vector. For the DFM(2. 5) case, ¢tte. /. k) is com-
posed of 18 “eross terms, but many of these can be zern because
Elg(ey. it + ) = 0, when lag u # 0. Only Elnit). n'tt)] # 0. For
DFM(1. 6, it is a scalar. For DFM(2.5),itina2x2 correlation
matrix with ofl-dingonal elements equal to the concurrent cor-
relation between the twa factor series. To illustrate specifically,
consider e(--3.i.,/). This is given by "

o(~3.j. k) = RS HVIMA0 kY + MANVMN(L ).

where Vin) = Elgto). v'tH]. The 21 communal correlation func-
tions, .

: cluj k)
i, k) = —rmmerrTmT T
M I = T et0. B )

and the standard deviations /c(0, k. k) and (0.7 for all j. &
combinutions are presented in Table 3. Notice that r(u.j.k) =
R W)

Several features of the elements in Table 3 are striking. One
is the high correlation (+.71) between the communal parts of DSF
and DSB, with the former leading the latter by 1 week (u = 1).
Note that the relationship is not symmetric. When DSB leads
DSF by 1 week, the correlation is —.06, The substantial relation-
ship between DSF and DSB suggests that the proceas represent-
ed by the latent factor series that induces a high score (or a low
score) in DSF at u given occasion tends to induce a high score
(or & low score) in DSB a week later. Also of particular inter-
est is the relativnship between BG2, SBP, and DBP. There is a
strong positive correlation (+.66) between BG2 and SBP with the
formor leading the latter by 2 weeks and a strong negative rela-
tionship (-.48) between BG2 and DBP with the former trailing
the latter by 2 weeks. If the three variables are changing as a
“gystem,’ one might expect to see a substantial negative correla-
tion between SBP and DBP at 4 weeks with the former leading
the latter. Indeed, this is the case: r = =37 atu = -4,
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Table 3 Standard Deviations (SD) and Communal Correlation Functions rtw. j. k) for Variables j

and k atLagu

Lagiwy

=4

u=2 u=3 u

-1 u=0 u=1

4 u=-3u=-2u=

u=

k Sdij) Sdib

i

-26 -Mn 22

24
Al

1.00
.07

-1

.24

—.06

-1n

.22
.20

-.05

.15
-.36

-.01

.00
00

.22

00

-01

07 1.00

17

(3]
-n

.20

31

53

49

16

-38

.22

00

39
67

15
43
-0t

-2

.67

100

n -3

.62

-.07

17
-4

22
.20

19
19
A9
.19

00

61

.59
74
56

01

41

93
1.00

24

-.10

.08

.56

-.10

.19

= DBP.

BG2. 5

BG1,4

=DSB, 3

Note. 1 = DSF, 2

SBP, and 6
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Table 3 Continued

Lagiu)y

=4

u=3 u

u=1 u=2

=0

-1 u

U=-4 u=-3u=-2u

k  Sdy)y Sdik)

J

-20 -3 .32 0

~.45
~.25

-.04

-.31

-.07 —-.02

.22

.49

.32
.15

.05

.18
.03
-.12

-.63
-.32

.10
~.08
—.00
-2

37
.03

49
49
.49
.49
.67

46

.29
-.03
~.45

.37
-.186
-.10

.66

19
49

-12
-.36
-.07
-.28

-.28

.30
.40
-.25

1.00
-.49

47

~.56

.30
.23

~.16
-7

45
.18
.22

.20
-.33

—-.29

-.15

.22

.00
-.07

.22
-.18

.20

A

.20

.67

13

.20
-.13

-.28

.67

.00

.10
-.37

.18

49

.67

.03

14
22

—.45
-.20

-04 -3
-54 -20

.25

67,

1.00

.22

.67
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In all, the factor loading patterns and corollary information
suggest that the relationships represented by this modeling pro-
cedure are somewhat more complex than are usually encountered
with applications of traditional factor models and their close rel-
atives. Not surprisingly, some of the relationships that the dy-
namic factor mode! highlights are not at all evident on mere in-
spection of the total (raw) correlation functions, Distinguishing
between the communal (common) parts and the unique parts of
variables is the great strength of the common factor. It is in “pry-
ing apart” these very different constituents of observed variables
across time that we begin to see order and regularity. Thus, the
findings illustrate the Potential value of this general approach
for building a better understanding of change processes as wel]
as the day-to-day functioning of the organism.

Discussion and Conclusions

Many of our more cherished interindividua! differences concepts
manifest short-term changes that ought not to be discarded as
“noise.” However, the limitations of traditional P-technigue fac-
tor analysis, both strenuous data collection requirements and
questions about the use of the common factor model, have severe-
ly restricted its application to perplexing issues that might be
usefully attacked from an intraindividual variability standpoint.
The procedure we have presented here alters this situation in
promising ways.

From a research design perspective, our proposals make it
feasible to design research on process and change without going
to the extreme of using only one participant to generate long se-
ries of observations, Investigators are more apt to collect time ge-
ries data if they can aim for 25-50 repeated observations per ex-
perimental unit than if they must collect 100-500 observations,
Obviously, the number of subjects and the number of occasiong
must be played off against each other in optimal ways that will
have to be determined in part by trial and error, but the point
i that methods such as we have presented make the systemat-
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je study of intraindividual variability a much more feasible and
manageable prospect than it has been.

Analyses required to “parse” data of the kind used here are
neither quick nor easy. However, the computational machinery is
available (¢.i2., Wood & Brown, 1994), and it can be implemented
on rather ordinary computing facilities. Today's bigger, faster
computers allow the incorporation of more variables and lags in
the analyses, 8o providing adequate representation of variables,
occasions, and persons is not a barrier in design and analyses.

Making the pooling of information across participants un ex-
plicit, rational procedure eases concerns about aggregation falla-
cies. The procedures can be applied to a range of repeated mea-
sures situations from short multivariate time series to full-acale
P-technique data eollected on multiple participants. The fact that
we found only 10 of 31 cages’ data met the test of ergodicity is
troubling in some respects, of course, but it may be telling us
to search for general lawfulness at a more abstract level than is
typically done. More to the point, perhaps, the lack of generality
should be equally troubling to investigators who pool informa-
tion across participants without mustering statistical support for
their actions.

Substantively, the outcomes reinforce the notion that link-
ages between physiological and behavioral domains may not be
captured well by looking only at direct, concurrent indications of
relationships; rather order and organization may lie in more ab-
stract, complicated, time-lagged relationships. Designing fruitful
investigations of more complex relationship patterns will likely
involve some trial and error regarding choice of intervals, num-
ber of vccasions, and so forth, but the theorizing and empirical
work of the past couple of decades should help.

Procass information ig hidden in streams of behavior, rather
than in single-occasion or widely separated repeated measure-
ments. It underlies the workings of a collection of manifest vari-
ables rather than in the observable action of a few and generality
acrogs persons and contexts is a hope yet to be realized. The tools
we have presented are aimed at helping us rigorously extract
information from relatively short time series of multiple exper-
imental units. They promise to help nudge open a little farther

246

'Poollng Lagged Covariance Structures

the door to the understanding of process; a door that now seems
only barely ajar.
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