ASSESSING CONSTANCY
AND CHANGE

JOHN R. NESSELROADE and STEVEN M. BOKER

INTRODUCTION

He perfect, stable; but imperfect We, Subject to Change, and diff’rent

in Degree. (John Dryden, Palamon and Arcite: The Knight's Tale From
Chaucer).

A party of order or stability, and a party of progress or reform, are both

necessary elements of a healthy state of political life. (John Stuart Mill,
On Liberty).

Constancy and change are necessary complements of each other.
Without a stable reference frame, the assessment of change is not possible.
Conversely, without change events, there would be no need for a concept
of constancy. Students of personality are obligated to account for both the
constantand the changing properties of its order and organization. Although

each kind of property has its peculiar features to be respected, constancy
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and change are advanrageously considered together, rather than in isolation
from, or in opposition to, each other (Nesselroade, 1990).

Students of personality have had an enduring interest in both con-
stancy and change (Brim & Kagan, 1980). On the side of change, central
cancepts such s learning, development, growth, il cmotion, all of which
represent one or another kind of change or intraindividual variability, are
inherent to the study of personality. Without such change-laden concepts,
our field would be exceedingly dull and impoverished.

Constancy also has a high value placed on it for several reasons. At
a popular level, people like to see constancy in the behavior of ‘others,
perhaps because it makes them more predictable. At the same time, how-
ever, most people do not want to be thoughe of by their fellows as being
predictable. Probably one of the most important reasons stability is valued
by psychologists is because of the long-standing emphasis on activities such
as prediction, classification, and diagnosis. These activities are pointless
unless there are some relatively constant features of behavior on which to
base them. Putatively stable interindividual differences in a great variety
of attributes have been assigned the largest role of providing the constancy
demanded by prediction and classification activities, For example, hunim
ahdities, broadly defined, ind peneral dispositional trines such as extra-
version and anxiety have tended to be the work horses of psychometrics-
based prediction schemes. But more or less stable aspects of change are also
candidates for the role of predictor. For example, when someone is seen as
volatile or emotional, the implication is that he or she is consistently distinct
from others with respect to these inherently changeable dimensions.

Constancy and change also play important roles in the development
of theory. The level of stability of interindividual differences, be it high,
medium, or low, provides important information on which to base infer-
ences about mechanisms, both endogenous and exogenous, hypothesized
to be involved in development and change over the life span.

It is easy to oversimplify both concepts, or, perhaps more accurately,

both sets of concepts, of constancy and change. Mortimer, Finch, and

Kumka (1982), for example, pointed out that one of the problems inherent

in clarifying issues of constancy and change with regard to the study of
development is that there are ar least four different conceprualizations of
stability found in the literature. These include (a) structural invariance or
the degree of continuity in the phenomenon under investigation, (b) nor-
mative stability or the persistence of relative amounts of an attribute across
time, (¢} level stability or maintenance of the absolute amounts of an
attribute over time, and (d) ipsative stability or maintenance of an ordering
of attributes (e.g., with respect to salience) within the individual over time.
Similarly, change is by no means a single concept. Cattell (1966b), for
example, in the area of personality research, distinguished between trait
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change and state fluctuation. Fiske and Rice (1955) identified and discussed
many ditferent kinds of intraindividual variabiliry.

Suftice it to say that psychologists studying personality need to become
more adept s usings concepts of constancy and hange, 1o elaborate the
detmition, measmement, and use of concepts that are soited to the com.
plexity of our subject marter. Moreover, it is necessary to do so with the
precision and rigor of mathematical tormulations. Until such rigorous rep-
resentations are implemented, much of what psychologists aspire to know
and understand about personality will continue to be elusive.

In the tollowing section, we selectively review sOpe issaes pertinent
to assessing constancy and change and highlight some aspects thar we
believe can be attended to more etfectively. In the section following rhar,
we examine the potential of some alternative ideas for helping to Jeal with
some of those issues.

CURRENT APPROACHES

The need o assess both change and stability his hid # broad influence
on the shaping of current research and data anadysis methodologies. Two
very general developments that have helped o forge the array of tools with
which hoth constancy and change are presently assessed are (a) longitudinal
designs and (b) multivariate methods. The effects of these two major lines
of development can be witnessed in the arcas of measurement, research
design, and data analysis and modeling.

Longindmal Research Designs

The history of fongitudinal research designs has been reviewed else-
where {e.g., Baltes & Nesselroade, 1979 Goldstein, 1979; Kruse, Linden-
berger, & Baltes, 1992). Longitudinal designs appear in many forms and
enjoy a certain mystique, especially in the context of developmental re-
search. Particularly during rthe past three decades, simple longitudinal de-
signs, Jongicudinal sequences, pancel studies, intensive measurement of in-
dividual cases, and so on, have all found substanrial application in the
conduce of behavioral rescarch, Their use has led to both the sharpening
of issues and a much fuller understanding of such phenomena as stabilicy,
developmental change, time of measurement effects, cohort differences,
and short-term intraindividual variabiliry.

In psychology, for example, the general developmental model of
Schaie (1965; see also Baltes, 1968) raised serious questions about the
usefulness of simple longitudinal designs involving a single birth cohort of
individuals. Instead, Schaie, Baltes, and others argued for carefully struc-
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tured, sequential designs if individual change was to be distinguished from
other key manifestations such as sociocultural change. These ideas helped
to regenerate and strengthen a nearly dormant focus on psychological de-
velopment across the life span, a focus that, once renewed, has influenced
personality research in important ways over the past three decades. These
developments have paralleled important work on the life course deriving
from a more sociological tradition (e.g., Elder & Caspi, 1990; Featherman,
1985).

Mudtivariate Methods

The systematic development and use of multivariate methods began
around the turn of this century (see Baltes & Nesselroade, 1973; Careell,
1966, for discussions of the multivariare orientation). The development
of multivariate analysis theory and methods and the articulation of several
aspects of substantive theory have been closely intertwined. For example,
in measurement, the development of concepts and theories of human ahil-
iries has closely paralleled the development of factor-analytic modeling
procedures.

Multivariate methods have enhanced capabilities for detining and
elaborating concepts in several ways. A key question in personality research
is, How many variables are needed to identify, define, and measure a
concept? For example, rather than selecting one exemplar from a substantive
domain of many variables, a subscet of variables can be used in concert to
represent the domain. Anxiety, for example, represents a broad domain of
content with putative indicators ranging from self-report and clinical ratings
through respiration rate to handwriting pressure. When one is trying to use
anxiety level as either an tnput variable or an outcome, it is risky o put
all the “egps in one basket™ by choosing only one of the many possible
indicators of anxiety. When definitions rest on a vector of several variables,
the options for identifying concepts include focusing on what the multiple
measures have in common as well as defining particular parterns of rela-
tionships across several variables. These multivariate capabilities, teamed
with concepts such as factorial invariance (Meredith, 1964), have enabled
researchers to provide rigorous definition and meaning to conceptually
appealing notions such as qualitative versus quantitative changes as well as
to elaborate concepts of stability, reliability, and so on, and to separate
more effectively error from true variance in estimating the structural pa-
rameters of models.

Current concepts in and approaches to assessing constancy and change
rely heavily on both multivariate approaches and longitudinal research
designs. Together, they have provided a means for revamping change and
stability concepts through the development and use of latent variable struc-
tural modeling (Bentler, 1980; McArdle, 1988). Descriptions of some of
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the most current methods can be tound in publications by Collins and Horn
(1991), Molenaar (1985), and Millsap & Meredith (1988), among others.
These methods deserve more extensive trial and turther development as
students of personality continue to wrestle with the ditticult problems of
assessing constancy and change. Along with improvements in assessment,
necessary enhancements of working definitions ot constancy and change
are likely to develop,

Some Lomdtations

The gains aceraing trom longitudinal research designs and multivariate
rescarch methods have not been preceded, accompanied, ar succeeded
unitormly by improvements in the conceprualization of other pertinent
issues. This has been especially true in the arcas of measurement and re-
scearch design. Some examples are presented in this chaprer toilluserare the
problems,

Mecasurement

Within the domain of human abilities, where attributes were thought
to represent rock stable incerindividual differences, it was rather natural
that concerns with stability of interindividual ditferences tended to domi-
nate the development of measuring instruments. Test=retest correlations,
for example, are advocated for estimating reliability (e.g.. Nunnally, 1967)
and, therefore, the psychometric adequacy of measures. This seems appro-
priate when the attributes being measured retlect no, or only minimal,
intrindividual change. Bur test—retest correlations can confound matters
of method and substance (e.g., measurement unreliability and process-based
changes) and, therefore, can fail as indicators of the goodness of a measure
designed for assessing changeable phenomena such as stares of anxiety and
depression (Cattell & Scheier, 19615 Nesselroade, 1988; Spiclberger, Go-
rsuch, & Lushene, 1969). Moreover, even measures of human abilities can
show pateerns of relatively short-term but coherent changes when studies
are designed o look for them (Horn, 1972), a finding that suggests that
personality researchers sometimes oversimplify matrers of constancy and
change.

Research Design

Poor measurement is not the only hlot on the record of studies of
canstancy and change issues in personality. Innovations in research design
have not always kept pace with other developments. The use of high speed,
large capacity computational machinery has raised the possibility that the
guality and power of methods may have begun to exceed the gquality and
comprehensiveness of much of the dara collecred in the typical investigator-
initiated researchy study.
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Some of the eritical ways that data collection can be improved have
been reviewed and discussed at length elsewhere (Nesselronde, 1983,
19914). The general issue is the need to pay more direct attention to the
fact that data are inherently multimaodal (i.e., they reflect sclection with
respect to persons, variables, and vecasions of measurement). The resources
for any research project are limited, a constraint that dictates that there
must be trade-offs in the breadth of representation that is given to the
Jifferent data modalities. The exact nature of these trade-offs should be
determined by the research questions and concerns regarding generalizability
of the findings. The assessment of both constancy and change. tor example,
implies the need for multiple occasions of measurement. Sampling of per:
sons, no marter how carefully and completely it is done, does not com-
pensate for narrow and inadequate selection of oceasions of measurement
in those cases in which generalization is focused across occasions (e, on
constancy or change). The most precisely constructed representative sam-
pling of people does not yield information about degree of stability or amount
of change in the attributes of concern if members of the sample are measured
only once,

As a basis for sampling or selection in planning research, occasions
unfortunately do not represent a highly homogencous universe. Theretore,
matrers of duration and spacing of repeated measurements are critical aspeets
of longitudinal research design. However, simply including multiple oc-
casions of measurement in the design does not adequately compensate for
ill-defined selection of duration and spacing. Periodic phenomena in par-
ticular can generate extremely misleading results when analyzed with
test—retest correlations and fixed-interval lags. In a fixed-interval lag design
all of the intervals berween assessments are equal, therefore they are per-
fectly correlated with each other. If the frequency of the periodic phenom-
enon under study is also correlated with the lag interval, the test—retest
correlation will be artificially high, giving an overestimate of stahility and
an underestimate of intraindividual variabiliry. Later in this chapter, we
provide an example of this type of error, which is known as dliasing error
in the fiekds of signal processing and compurer graphics.

A second way to improve research design, and thereby dara collection,
involves attending as carefully to the selection of measurement instruments
as to the selection of persons to study. Multivariate measurement batteries
are indispensable for pinpointing concepts and patterns and for allowing
the researcher to develop estimates of seructural parameters that are not
attenuated due to errors of measurement. However, not just any multivarate
battery works as well as any other vne. For example, using anxiery measures
x. y. and z because they are more convenient, or shorter, or were developed
by close colleagues, can yield remarkably ditferent estimates of the rela-
tionship hetween anxiety as a latent variable and other latent varinbles
than would have been the case if anxiety measures a, b, and ¢ had been
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used. Such choices must be informed by knowledge of the domain, the
nature of focal concepts, and concerns about generalizability.

Consisteney in Vanabiliey

There is another issue that becomes salient if one takes seriously the
notion of looking at constancy and change as complementary. It is thar
constancy can be a relatively stable characteristic or attribute of changeable
phenomena. For example, the broadeasts of an AM (amplitude modulation)
radio station represent o high degree of viriability (the amplitude of the
carrier wave), but the trequency of the carrier wave must remain within a
very tight tolerance or the station’s license will be revoked. Thus, the
station is locatable ar a highly predictable spot on the AM dial, but su-
perimposed on that highly stable frequency is a substantial amount ot vari-
abiliy. Borh are integral to the broadeasting process and the station might
just as easily be denoted in rermis of a stable feature of variabilicy—"the
one that plays all the good rock music”™—as in terms of constancy—"the
one at 1450 on the AM dial.”

I a similar vein, the parameters of intraindividual variability distri-
butions may carry importane and stable interindividual ditferences infor-
mation that can be used to bolster our predictive and explanatory schemes
significantly (Nesselroade, 19914). Indeed, concepts such as rhychmicity,
volatility, and unpredictability are characterizations of intraindividual vari-
ability dimensions that are presumed o represent more or less seable dif-
ferences among persons. There s also support for the importance of in-
traindividual variability as a component of behavior when it is examined
in a multivariate, longitudinal framework such as by P-technique factor
analysis (Cattell, 19635 Jones & Nesselroade, 19915 Luborsky & Mint,
1972). Locus of control, work values, creativity, and self-concepr are in-
cluded among ateributes thar are typically regarded as stable and traidlike
yet that manifest patterns of systematic, short-term, intraindividual vari-
ability (Nesselroade, 1991h).

Wirhin a given occasion of measurement, intraimdividual variabiliey
on some measure that is asynchronous across individuals cannor be disen-
tangled trom stability among interindividual ditterences. The two are hope-
lessly confounded in cross-sectional data. Hampson (1990) showed that
women perform difterentially beteer or worse on spatial and verbal ability
tasks as a function of their estrogen fevels at a given point in their monthly
cycle. The parrern of changes was consistent with gender differences in
performance on such tasks in thar, in relation ro their own levels, women
performed berter on verbal tasks when estrogen levels were highest and
berter on spatial tasks when estrogen levels were fowest. A one-shot, cross-
sectional study involving women at different stages of their monchly cycles
would not distinguish between the variation that is due o such ¢ycle-related
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sources and the variation that is due to relatively stable differences in spatial
and verbal ability. If the variation among individuals at one occasion of
measurement were computed for such dara, it would be an overestimate of
the magnitude of stable interindividual differences and, by implication,
would lead to an underestimate of the relative magnitude of intraindividual
variahility. Further methods and techniques are needed by which constancy
in patterns of intraindividual variability can be exploited in the pursuit of
more aceurate accounts of hoth the constancy and the change characteristics

of behavior.
The Trait=State Distinction

The trait-stare distinction in personality research (Allen & Potkay,
1981, 1983; Catrell & Scheier, 19615 Nesselroade, 1988: Spiclberger et
al., 1969; Zuckerman, 1983} is a useful vehicle for organizing some of the
key issues and concepts related to the topics of constancy and change (e.g.,
Hertzog & Nesselroade, 1987). The distinction has a long history (Eysenck,
1983) but is not without controversy. One exchange (c.g.. Allen & Potkay,
1981, 1983; Zuckerman, 1983) was focused on the arbitrariness of the
distinction hetween trait and state. In this section, we Jo an “end run”
around that controversy to some extent by recognizing a conceptual dis-
tinction between state and trait and the likelihood of ditferent patterns of
antecedents and correlates for them. In the next section, however, for
purposes of illustration, we formalize the difference berween trait and stare
in terms of period lengths.

In any event, we du not regard the Jdichotomy as comprehensive or
exhaustive, but we have found the labels usetul for conveying the essence
of 2 distinction hetween relatively stable interindividual Jifferences dimen-
sions (rraits) and dimensions of relatively short-termy, intraindividual vari-
ability (states). The former also evinee intraindividual chinge, but it is of
much slower, less reversible character. Cattell (1966a), tor example, re-
ferred to this kind of change as trait change. For the purposes of this chapter,
we use the rerms trait and state to label these two kinds of dimensions.

We assume the following generalized model to represent the score of
individual i on observed variable Y at a given pointin time t.

\’ll = Tll + SII + E(l A (1)

where T,, = individual i's trait component at rime ¢, S, = individual i's
state component at time ¢, and E, = an error of measurement for individual
i on observed variable Y at time ¢ Several points should be explicitly noted
about this representation. '
1. The ohserved score has both a trait and a state component
at a given point in time. This means that the variance of a

.
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distribution of scores for many persons, all measured at time
t, potentially consists of both trait and state components.
Whereas the notion of rait conveys the idea that a given

(8]

individual has a characreristic value at a given point in time,
the notion ot a state implies w hypothetical distribution of
values for the individual at a given point in time, although,
at a specific instance, the individual will have a particular
value from thar distribution,

3. Measuring individuals only once does not eliminate the state
variance contribution from the observed scores; it merely
ensures that it will be hopelessly confounded with the trait
variance contribution.

Thc history of personality research refleces o strong emphasis on rather
straightforward, Tinear, and additive representations of both constancy and
L;IIZIIIL!L'. In many respects, these have served the science well, bur it seems
fair to say that novel forms of representation should be sought even as re-
searchers continue to explore the limits of current ones. It is our belief that
there are potentially important alternatives to be explored, some of which
seem well-suited ro the extension of constancy and change concepts in new
directions. We retumn to this poine in the tinal sections of this chapter.

TWO SIMULATIONS AND THEIR OUTCOMES

To explore more systematically some of the issues pertinent to assessing
constancy and change, we have constructed two simulations that rest on
the rrne-state distinction as represented in the model described above. We
present the outcomes of the sunulations iy tamiliar terms: test-retest cor-
refation estimates of stability. These two stmufarions are desipned to illus-
trate the potential tor erring in the overestimation or underestimation of
.ﬂnl\lliry when using test-retest correlations as stability indicators. The
simulations rest on equations suggesting considerable repularity. This, ad-
mitredly, is an oversimplification, and it would not be difficult o pm;;rum
some shocks into the system. To do so, however, would unnecessarily
complicate the presentation. .

Prior to presenting the simulations, we develop the bases on which
they rest. These include a generic equation to represent various functional
rcll;uiunships between personality attributes and rime and an examinarion
of the role of measurement spacing and duration in studying personality
constancy and change.

A Generic Curve for Representimg Traws and States

We start with the difference equation that is used to describe the
moton of a linear spring as dompened with o linear force (Hubbard &
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West, 1991; Wylie, 1979), very much the same equation that describes the
behavior of the springs on one's car as they are dampened by shock absorbers:

Ay

Av
—= 4+ =4+ =0 , Z
At e ny (2)

Ax

where Ax and Ay represent the finite change in the variables x and v,
respectively, 7 represents a frequency parameter, and  represents o damp-
ening parameter,

We hasten to assure the reader that Equation 2 is not as formidable
as it may appear. A Jifference equation simply states that the future tra-
jectory of a system can he predicted from its present and recent state and
from its present and recent rates of change over some finite interval of time
(Wylie, 1979). Thus, we explicitly quantify expectations regarding future

hehavior based on measurements of current behavior and measurements of

behavior in the recent past.

We have chosen Equation 2 not because we believe that personality
is appropriately represented as a spring, but because of the equation's precise
and adaptive atility for the several points we wish to make. We note in
passing that the notions of frequency and dampening do not seem incom-
patible with ideas of socialization and control on the one hand, and social
support and buftering on the other that act to keep the organism functioning
within some set of boundaries. Before introducing the simulations, we
identify and discuss in some detail the model represented l\y Equation 2
and its parameters.

The Ax and Ay in Equation 2 represent ditferences in values across
time or changes in the variables x and y. To give an intuitive feel for the
two parameters, { and m, they have been assipned a series of values and
the resulting equations plotted, as shown in Figure 1. By holding one
parameter constant and varying the other parameter, one can see how
changes in the parameters influence the precise shape of the curve.

The curves used to represent traits in these simulations are actually
cyclic functions that decay within the first cycle. In Figure 1, parts ta-1d
illustrate various trait curves that are obtainable from Equation 2 by in-
creasing the value of n while holding £ constant: an increasing cyclic fre-
quency. Norice that there is a secondary effect of a decrease in total am-
plitude of the first cycle of the trait curve as M is increased. This secondary
effect is an imporrant signature of the difference Equation 2.

In Figure 1, parts 2a—2d illustrate ditferent state curves obrainable
trom the same general equation by decreasing the value of i while holding
{ constant: a decreusing cyclic frequency. Thus, m can be regarded as a term
that controls the frequency of both the trait and state curves.

In Figure 1, parts 3a—3d show the eftect of increasing { while holding
1 constant: a greater dumpening of the trait curve. These trait curves are all
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Figure |: Varying the parameters of the state ond trait curves. la-td: Increcsing n
increases the frequency of the trait curve. 20~2d: Decreasing n decreases the
frequency of the state curve. 3a-3d: Increasing { increases the variance
dampening of the frait curve. Ya-4d: Increasing negative { incregses the variance
growth of the state curve.

dampened within the first cycle, so it is difficult to recognize them as being
from rhe same family of curves as the state curves. Using this equation, the
degree of nonlinearity in che decay of the trait curve can be conrrolled by
balancing a decreasing frequency against an increasing decay.

In Figure 1, parts 4a-4d show the effect of varying a negative value
of £ while holding v constant, When { is negative, its effect is one of
negative variance decay, that is, an eftect of variance growth. As £ is made
to be a larger negative number, the varianee growth becomes more rapid.
Thus, one can interpret £ as a parameter that conrrols the dampening of
the trait or state curves.

Thus, the curves shown in Figure 1 illustrate how very flexible Equa-
ton 2 is in that it can be used to describe pratotypic trait and state curves
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simply by varying the parameters { and m. An aspect thar we want o
emphasize here is that by means of Equation 2 trait and state concepts are
both cases of a more general representation of constancy and change.

Example Trait Curve

In Figure Z, an example trait curve is presented that wils produced by
serting { = .01 and q = .0002. Thus, the score on trait T for individual

i at time ¢ follows the expression
AT, AT,
© 4+ .01 — + .0002T, =0 . : E)
Yo o At :

”

This curve has a period approximately equal to two l.mmnn lifetimes
and s 99% dampened within that period. If the x-axis in Figure 2 is r.nkcn
to represent time in years and the y-axis to represent level of attribute
{shown here on a scale of 0 to 100), the general shape of the curve bears
more than a cursory resemblance to the way fluid intelligence is portrayed
to change over the human life span (Cattell, 1957).

Example State Curve With Decreasing Variance

For the example state curve shown in Figure 3, parameter values of
{ = .005 and m = 3.85 were given to Equation 2. These values produce

100

80

40

20

Figure 2: State curve with decreasing variance.
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20 40 60 80 100

Figure 3: Exaomple trait curve.

acurve with a periad of Tand a dampening foree such that the fluctuation
is 99% dampened wirhin 200 periods. With the exception of the rwo
parameter values, this example stare curve and the preceding example trair
curve are mathemancally identical.

It the x-axis in Figure 3 represents time in years and the v-axis represents
some personality ateribute measured on ascale of 0 to 100, then the fol-
lowing is true for individual i:

A
Ar

S
+.00% :\A_E + 3858, =0 . 4)
{

This stare curve illuserates variability in some personality ateributes
that s correlated with the change in seasons, the magnitude of which
variability diminishes with age. Something like seasonal affective disorder,
for example, the amplitude of which wanes with increasing age or under a
lengthy treatment regimen, exemplifies the basic idea. .

A ser of measurements of this state curve would show aliasing artifucts
{(Shannon, 1975) if measurements were performed ar approximarely the
same day of the year for each wave of a panel study. In other words, i an
individual's state score were correlated with the season of the year and
measurements were always pertormed during that season, one would un-
derestimate the intraindividual variahility and overestimate the stability of
the score. Inan extreme case such as the idealized stare curve that s pertectly
correlated with the day of the vear, if measurements were always performed
on the same day of the year, one would estimate the state variance to be

ASSESSING CONSTANCY AND CHANGE 133



zero and estimate perfect test=retest reliability when in actuality one would
have entirely missed a large component of state variance. 1lustrative of
this kind of cyclicity but for a different rime scale is the effect of estrogen
fevel on various ability measures described by Hampson (1990) and men-
tioned earlier. Extrapolating from Hampson's data, repeated measurement
built around equal measurement lags of one month on a sample of women
would tend to produce high test-retest correlations in ability scores while
missing a large component of state variability occurring within the inter-
vening months.

The point is that if a variable is correlated with any time scale and a
set of longitudinal measurements of thar variable is also correlated with
that same time scale, a spurious relationship is introduced berween the
scores and measurement occasions. It is common practice, for example, to
make longitudinal measurements with equal tag times. This, in some cases,
unfortunate practice ensures that the measurements are perfectly correlated
with that time scale. Hence, any cyclic phenomenon whose period is also
correlated with that time scale will be mismeasured in one way or another
unless the spurious relationship due to the common time scale is taken into
account.

Figure 4 shows o 10-year interval of the state curve from Figure 3 for
one hypothetical individual. In this panel stady, cach individual is measured
on the stare tunction at three points (c.g., al, a2, a3) thar are spaced

Y Estimated curve A
20 4 year lag
10}.. ﬁf?..-./\,i A CEIR U A AT

0 2 TRER] T
-10
-20}

Figure 4: Measurement lag as o multiple of the cyclic period.
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exactly four years apart, b can be assamed dhat individuals' CHIVeS, even
rl'mugh they are the same shape, are somewhar asynchronous across time.
When some people are high, others are Tow, and vice versa. Because the
measurement fagis an exact multiple of the period of the stare, the curve
A that would be estimated trom these mensurements for cach individual
would manitest no change in level. Thus, the average curve would also he
that, but a high test-rerest measure of stability, computed over individuals
would be tound. N
i Figure 5 shows the same 10-year interval of the state curve from Figure
3. Suppose a panel study were designed to measure the state at three points
{e.g, b1, b2, B3 that are spaced four vears and three months apart. Again
it can he assumed that the stare funcrion of eacly individual is described |\\;
the same curve but that the individuat curves are somewhat asynchronous.
Because the measurement lag is a near multiple of the period of the stare
curve, o Ivmc.lr ettectis seen for cach individual's curve, but because of the
:m'l)chmnlci(y of the curves, a fow test-retest stability coefficient would
be tound, computed over individuals. If the individuals” curves were nearly
in phase, then a lincar effect and 4 high rest—retest stability would prevail.
One way ro avoid these aliasing artifacts is to use o random nmeasure-
ment lag. By choosing a uniform random distriburion of lags, the selection
of the measurement lag is guaranteed 1o be uncorrelated with the period
ot cyclic phenomenon, no matter whar period thar eyclic phenomenon

y
Estimated curve B
20t .. b1
o 4.25 year lag»
10 Tl
0 &
2 P4 B 2 30
‘s

-10 s,
'20 b3 AN

Figure 5: Measurement lag 0s a near multiple of the cyclic period.
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may have. This technique turns the former problem into an advantage.
Because the selection of lag is now uncorrelated with the period of a cyclic
phenomenon, after removing the overall correlation between all of the
scores, a partial correlation between the scores ar lags that shure common
divisors can now be attributed to the period of a cyclic phenomenon. This
technique gives much the same result as would o Fourier transtorm
(Bracewell, 1978), but does not require sampling within the so-called Ny-
gqrast lomat, tha is, sampling with a lag less than half the period of the eyclic
rhenomenon.

Example Swte Curve With Increasing Vuriance

Figure 6 shows an example state curve with increasing variance. Here
we have used Equation 2, with parameter values { = —.004 and m =
3.85. These values produce a curve with a period of 1 and a negarive
dampening force such that the magnitude of intraindividual variability
increases as x increases (e.g., increasing variability in health status with
advancing age).

Specifically, if the x-axis in Figure 6 represents time in years and the
v-uxis represents some behavior or personality attribute measured on a scale
of 0 to 100, tor individual §

A% oo e -0 (5)
Y
100
75
50
25
0 : Ay " b
-25
-50
=75
-100t
Figure 6: State curve with increasing variance.
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Generally, the kind of intraindividual variability pattern portrayed in
Figure 6 might be ilustrated by the gradual Mossoming of some tull-blown
cyclic dysfunction or the gradunl erosion of emotional self-conerol, although
a somewhat higher degree of regularity is implied by the curve than might
be expected with psychological or behavioral atrributes.

Example Compornd Trait and State Crore

Figure 7 is the sum of the trait curve from Figure 2 and the stare curve
with mcreasing variance from Figure 6. Thg result is a lincar combination
of T, from Equation 3and S, from Equation 5 such that Equation 1,

Y, =T, + 5, +E, . (6)
holds where I, = Q. Performance on a fluid intelligence measure, for
example, influenced in part by increasing intraindividual variability in mo-
tivarion o do well on the test wirh increased age would he expected to
show such a compound curve.

Simudaton T2 Random Trait Craves and Equeal Lag Intervals

In this simalation, we emulated the sampling of 100 individuals on
one variable in a three-wave panel study design of the kind mentioned

100
80
60

40

A

“‘ Iim ”“lm.

20 40 60 100

20

Figure 7: Compound trait and state curve with increasing state varionce.
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carlier. We construcred a pupulation of 100 individuals who cach have
compound trait and state curves such that the trait curves vary randomly
from individual to individual, but the state curves for each individual are
identical to the state curve in Figure 6. The trait curves were individualized
by adding a normaily distributed random number to ¢ and 1 from Equa-
tion 3. Thus, { = .01 + R, where R, = 0.0 and o(R) = .003, and m =
0002 + R,. where R, = 0.0 and o(R,) = .00000.

The difference equations were then iterated over 0 = ¢ < 100 with
a step size At = 0.1 to produce a population of 100 compound trait and
state curves. An age of measurement t, for the first wave of measurement
was independently gencrated for each individual i as a normally distribured
random number ¢, = R, where R,y = 40 and o(R,) = .3. The second
and third ages of measurement for each individual were generated as ¢, =
ty + Sand t, =t + 5.

Each individual's score Y, at cach measurement time £, Ly ty was
then sampled from the population of compound trait and state curves, and
standard test—retest correlations were computed. The results are summarized
in Table 1.

These stability coefficients reflect a rock solid attribuce. Indeed, they
are so high rthar the wary reader might suspect we intend to use them to
make a point. In fact, this is the case, as we show shortly.

Simudation 2: Common Trait and State Curves

Random Lag Intervals

Next, we selected the compound trait and state curve of one of the
individuals from the study population to simulate a panet study with random
lags. We performed three waves of measurement on this individual curve
100 times using the same method as in Table 1 to find the age 1, of each
measurement n for the first wave. The second age for cach measurement n
was generated as t,; = t, + R, where R = Sanda(R,)) = 3. Similarly,
the third age for each measurement n was generared as t,y = 1, + Russ

where R, = 5 and (R, = .}

TABLE 1
Random Trait Curves Sampled at Equal Lag Intervals

Correlation Matrix

Wave 1 Wave 2 Wave 3
Wave 1 1.00000 0.98561 0.94050
Wave 2 0.98561 1.00000 0.98434
Wave 3 0.94050 0.98434 1.00000
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v . TABLE 2
Single Trait Curve Sampled at Random Lag Intervals

Correlation Matrix

Wave 1 Wave 2 Wave 3

Wave 1 1.00000 -0.09183 0.0243

. . 5
Wave 2 +-0.09183 1.00000 0.23998
Wave 3 0.02435 0.23998 1.00000

4 In this way we attempred ro capture’ the state variability of just one
of the compound trait and state curves from rhe stady population. The
vartahility in Table 2 is almost entirely due o the state component, because
the trne curve, which was the same for all individuals, is nearly linear in
the target age range. When these correlations are compared with the cor-
relations in Table [, it hecomes clear that the equal lag interval method
used c-.xrl_icr to measure the random trair curves has missed an important
source of variability and has theretore substantially overestimated the sta-
biliey of the measure. ‘

Equal Lag Intervals

Toillustrate how che overestimanion of test-retest stability oceurs, we
selected the compound mrait and state curve of one of the individuals f‘rnm
rl.\c study population and performed a pancl study with fixcd~inrcrvn‘l fags.
To simulate 10 records for the panel study, we conducted three waves of
meuasurement on this individual curve 100 times using the same method
used carlier to find the age 1, of cach measurement n tor the first wave.
The second and third ages for cach measurement n were generated as
Lo =ty + Sand t,v = 1, + 5. Table 3 shows whar happens to the
intraindividual variability when we use the fixed T method for our panel
design study. ‘

The individuals represented in Table 3 whose attributes seem rruly set
in stone are the same individuals who were portrayed in Table 2 with a

‘ , TABLE 3
Single Trait Curve Sampled at Fixed Equal Lag Intervals

Correlation Matrix

Wave 1 Wave 2 Wave 3

Wave 1 1.00000 0.99510
. : 0.98080
xave 2 0.99510 1.00000 0.99527
aw_e 71{ 0.98080 - 0.99527 1.00000
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large degree of variability. The measuring instrument is the same and we
have assumed an ideal case with zero measurement error. The difference
hetween these two correlation matrixes is due entirely to the randomization
of lag intervals.

Seen in this light, the same population of randony trait curves whose
correlation matrix in Table 1 looked so stable just moments ago now seems
to cast a lengehy shadow of doubt regarding the degree of stability. [ndeed,
one would be wise to consider the potential for periodic phenomena in
one's data before announcing the discovery of stability in a set ot population
parameters.

DYNAMICAL SYSTEMS

In this, the penultimate section of the chapter, we examine some
relatively new ideas and some of their implications for further work in the
area of personality research. We focus on the field of dynamical systems
theory, the vocabulary and mathematics of which are powerful tools that
promise to better equip behavioral scientists to Jeal with some of the issues
of constancy and change.

The preceding simulation examples were formulated in the terms of
difference equations. To review, a difference equation states that the future
trajectory of a system can be predicted from its present and recent state
and from its present and recent rates of change over some finite interval
of time {Wylie, 1979). We find this to be a convenient set of concepts for
explicitly quantifying expectations regarding future behavior, based on mea-
surements of current behavior and behavior in the recent past.

A conceprualization of deterministic change based on difterence equa-
tions may not seem to be rich enough to account for the apparently un-
predictable nature of much of human behavior. However, in recent years
relatively simple systems of difference equations have been shown to be at
once entirely deterministic and yet unpredictable in their trajectories after
wme small amount of time has elapsed (Parker & Chua, 1989; Ruelle &
Takens, 1971; Thompson & Stewart, 1986). Systems that exhibit this type
of deterministic unpredictability are said to be chaotic, aterm that has seen
much use and abuse in recent popular culture (Ruelle, 1990). A chaotic
system exhibits a behavior that is called sensttive dependence on nutial con-
ditions. What this means is that an infinitesimal change in the current state
or current rate of change will cause an unpredictably large change in the
system after some tinite amount of time has elapsed. Awareness of the

potential for chaotic hehavior is one consequence of adopting the dynamical
systems perspective on constancy and change. ) .

Cyclic or periodic behavior can be expressed simply and flexibly with

difference and  ditferential equations.  Differential - equations "represent
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change avan instantancous quantity rather than over a finite tme lag as
Llf) ditterence equations. Periodic behavior can be quite stable and n; ;:r
hiliry i‘\_\\'cll expressed i cerms of the predicrahility of |r.~ \liﬁcrlcn\u‘ ml' ‘l I
tions. I()}»l.\ such as phase space embedding are commonly used o rcvcwlqli‘l"
narure of the stabiliy o periodic and: quasi-periodic phu‘mmcn'l ll\‘n ' K‘
.\(llu‘llcxl as dynamical systems (Sevdel, 1988). Ar the risk of m';rﬂinl\ \l‘l‘f'rik—
cation, »phnsc space embedding is a technigue for representing a dy.l’l‘llllliC'll
system in \}'l\l(l\ avecrorin a D dimensional phase space corres \n‘n s t(
the state of the dynamical system ar ) equal intervals of time (&1 : ; 10
that the dimension of the embedding space used to examine | d\,'n'kun':]'\'l]
system can be aantical factor in the apparent predictability of 'l‘wth)t'
sampled data. We used this tact to guide the creation of the \'in'llli'l(' ‘
examples in the previous section. Whar may look like mcus‘nrmncnr"rlr”n
when viewed inan embedding space of one dimensionality II;.I\' Ie \crf" ‘((I)r'
correlated with somerhing else when viewed in an embedding l ; LL |
another dimensionalicy. e e
Almfhcr surprising finding resulting trom dynamical systems theory is
the existence of sets of deterministic difference cquations rlmr. 'l](l)nl: '|‘
appearing quite stable, canexhibit sudden jumps or changes in ‘th‘c na Lj
of their ITC}\;I\'IUI' (Glass & Mackey, 1988). These sudden Lh‘m es _'“;“‘
nature of the behavior of o dynamical system are known ;ls'.ln?lkn."l:!)i ( "k
T!u\‘ch.lr.lcw.rixlic of bifurcating systems of difterence cqu;lr;nn; i:fm””‘\
triguing one tor psvehologists who are inrerested in rcprc*cntinyr :ll;l -
\lcrsr;n‘uhnu mechanisms thar produce sudden changes in 1'. 8 -L o u‘n-
i gos in patterns of human
In tact, observed  intramdividual variability might nor eSS
..\nmnthl\' and continuousty berween stares as indicated in our sim T*’Fr“’f
it .nn,uhl well proceed in apparently discontinuous jumps. Thlcrcuilu'mm:
evidence rlml acognitive tme has ancinternal representation that il’ “_‘”“‘
p«‘m\l ol discrete intervals rather than a continuum (Boker l()“)ﬂl As “l‘"“
of the degree of predictability of these biturcations l\c(\\'m; rcl;ni\:cl Ils:\l:ll\
states represents apromising model for the process of change and ¢ Hs : -‘l ‘L'
\‘flﬂ\m an individual (Aharbanel, Brown, & Kadtke, 1990; (:‘I\ l'kjl'“;“l;;t;'
Farmer & Sidorowich, 1987; Frank. Lookman, & Ncrcnl“cr‘v(.kl“;s \‘ P ‘k‘
ard, Crutchtield, Farmer, & Shaw, 1980, Sugihara & May L]“)‘)O)(‘ o
. ] Lne's current personaliy is thought of as a set of m\"Ll\;II’II\Il‘h built
from one’s peneric predispositions and past experiences, which ‘(r'|lx;\'|‘ s
lcurr«.-nt cxpcrngnw and current physiology into tuture behavior rli\cﬁ :'):"?
|.~(;|!rc;|dy working within a dynamical systems perspective (see, e u Cart ‘l\l(
1980). Al»rhuugh applications of this methodology 1o the ~|m‘ly 'nf. ‘l\ci‘1' ( :
are in their intaney, there is o clear promise that the use of the fornt: |(“ I‘I)r
of ditterential equations and dynamical systems will result in o mor '(l t-('"')'i
communication of models of personality concomitant with ln;‘r “(' 'kl "‘r"“‘“
ness of the implications of such models. pe e
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DISCUSSION

Students of persunality stability and change are entitled at this point
to ask, “So what do we do to design future studies more optimally?” The
material presented in this chapter has several notable implications tor per-
sonality research. We focus primarily on two classes of implications; one
having to do with gencral lissues of research design, and the other with
research on development and other kinds of changes.

In the course of the simulations presented here, we have made sub-
stantial use of the trait-state distinction, a conception that we believe to
be a useful device for integrating ideas about constancy and change into
one framework. Like most dichotomies, the label does not convey all the
subtleties and gradations hetween constancy and the idealized change rep-
resented by a pure state. It does, however, force a consideration of more
structured possibilities than just stahle traits and noise or error. The dis-
tinction has enabled us to define and present some prototypic aspects of
both constancy and change and to focus on what seem t be some key
issues that students of personality should examine as they pursue their
objectives.

1. Implications for the Design of Research Studies

The assessment of both constancy and change continues to be a de-
sirable, but demanding, activity. Stability and change information is among
the most carefully sought and interpreted information concerning person-
ality. Alchough the practice of designing research studies to answer questions
having to do with both stability and change has been improved in many
ways during the past several decades, there is room for still further im-
provement.

For example, the use of both multivariate approaches to assessment
and longitudinal measurement has strengthened research efforts in impor-
tant ways. Measurement devices, however, are still uften composed of little
more than a few ad hoc items stuck together with a lirtle dab of face validiry.
Slavish adherence to past practices has maintained a high premium on such
criteria as internal consistency and high test—retest correlarion when other
concerns such as sensitivity to change and ability should also be duly
weighted if an instrument is ultimately to be valid.

Moreover, using longitudinal design in itself is not sufficient to guar-
antee accurate information about process, change, and stability. There are
many different kinds of longitudinal designs, and as the simulations pre-
senred here have shown, the most common approaches may not be the
most valid or useful ones.

Rescarch design concerns must be weighted carefully in relation
selection issues. Whereas psychologists penerally have been trained to think
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about selection issues with respect to people, this is Tess true when it comes
to variables, and even less soin the case of occasions of mcmurcnlcn(
Although this chaprer has not focused directly on multivariare i‘;suus it i;
clear that research design needs to take into account selection effééts n‘1
&l“ modes of data classitication and selection, people, variables, ncc;lsions
of measurement, and so on. The simulations presented here have pumrn\{
to the central importance of selection of occasions of measurement. For
example, when it is defined too narrowly {¢.g., measure every five ‘ye'lrx‘
on the sime data as nearly as possible), the apparent rigor .lmlynrdcrlin‘cs‘s
of the design may in fact jeopardize the conclusions regarding stabilicy ‘m‘ .|
change that can be drawn from the resulting dara. o e
f\lnrc generally, the examples presented here suggest that selection of
occasions of measurement is a multitaceted issue. Ifone is to attend seriously
t shorter term intraindividual variability, one needs a sufficient numl;cr
nﬁ ;l‘ssc.\smcnrs in relatively quick succession o provide estimares of intrain-
dividual variability parameters (e.g., amplitude, periodicity, and lnren(c /)
In addition, it one seeks information ahout longer term stability and ch;myg&;
(etg.. rruir.ch;ln‘gc). one needs to distribure assessments across an appro-
priate portion of the life span. As recommended elsewhere (Nesselroade
19910, oprimal designs may require the implementation of bursts of n‘m:
surements, the bursts being separated by appropriately long inr‘cr\"ul\' ;ll
order to capture shore-teem intraindividual variability, l;mucr term inlrrilin-
dividual change patterns, and interindividual differences in the 'lrrcrn(s' of
mtraindividual changes. Longer term intraindividual change p:lI:ltcrns ;n(n

lm‘|udc the parameters of mtraindividual variabiliry distributions as well as
trait levels. B

> : O, :
2. tmplcatons for the Conceprudization of Developmental Phenomena

Plotting the course of developmental change is o valuable preliminary
to the explication of changes including the identification of their underl '|fn»'
mgchnmsm.\. The simulations presented in this chapter suggest thae di:rin%
mn.shi‘ng among kinds of intraindividual chiange dimensions (e.g. ‘cll'l;wges
M traits versus state changes) can provide much more variety f\n‘d rc‘xrur*
to the .\lcscnprl\'c phase of developmental work. ' o
o Th_c integration of constancy and change will remain a general ob-
Jective for researchers inrerested i developmental phenomena, whether
from a more traditional or from a life span perspective. 1t may ‘sccm odd
to encourage developrentalists to concern themselves explicitly ;vith cunL-
staney, but, to the extent that constancy in some form is part of the targer
phenomena, it needs to be accounted for also. To act as though cnmrl'n:’“ /
s m:yll—uxpl.nmrnr\' while seeking to account for change is a St;ltCll\Cl\(.'l‘l‘ntlt
one’s bases. Moreover, the simulation outcomes suggrest thatr it \\"||| h
profitable tor researchers 1o concern themselves explicirly with both mntj
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stancy and change it each is o be better understood and if the rich com-
plexities of our subject matter are to bhe uppropriately represented.
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