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Growth models are being used to study interindividual differences in intra-
individual change at a rapidly increasing rate in the social sciences. These
are most often estimated as either a structural equation model (SEM) or
as a multilevel linear model (MLM), although other estimation methods
are available (c.g., fixed effects growth, general estimating equations, etc.).
Regardless of approach, the core concept behind a growth model is to use
a set of repeated measures to infer the existence of one or more parameters
that define an unobscrved (or latent) trajectory over time. The functional
form of the trajectories might be flat with respect to time (e.g., an intercept-
only model), they might be linearly increasing or decreasing, or they might
be some complex nonlinear function. Whatever the form, growth models
typically estimate the fixed and random effects associated with stability and
change over time. The fixed effects capture the mean of the trajectory pool-
ing over all of the individuals within the sample and the random effects
reflect individual variability around the mean trajectory. Smaller random
effects suggest greater similarity in growth across individuals; larger ran-
dom effects suggest greater individual heterogeneity in change over time.

It is common to include one or more exogenous predictors in a growth
model. Measures that directly predict the growth trajectories are often
called time-invariant covariates (or TICs) because these are believed to be
unrelated to the passage of time. Examples of covariates that are truly time-
invariant include biological sex, birth order, country of origin, race, and
certain genetic markers. In principle, a truly time-invariant covariate can be
assessed at any point in time given that the measure is independent of time.
A related type of TIC is a measure that might be expected to vary as a func-
tion of time but only the initial assessment of the measure is included in the
model. For example, although adolescent deviant peer affiliations might
theoretically vary over time, an application might only consider a single
measure of deviant peer affiliations taken at the initial assessment period
(e.g., Chassin, Curran, Hussong, & Colder, 1996). Regardless of type, one
or more TICs are used to predict variability in the parameters that define
the trajectory over time.

Although not always explicitly recognized in many substantive applica-
tions, the inclusion of TICs as predictors of growth provide for direct tests
of between-person differences in growth. These between-person differences
are captured in the estimated regression parameters that reflect a shift in
the conditional means of the distribution of trajectory parameters as a func-
tion of a shift in the mean of the TICs. For example, boys might report sig-
nificantly higher initial values relative to girls, or individuals in a treatment
condition might report significantly steeper increases in an outcome over
time relative to individuals in a control condition. TICs are thus person-
specific measures that are constant over time and capture between-person
effects bv directly predicting the trajectory parameters.
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However, there is another important component of individual change
that has received much less attention in the estimation of many growth
models, and this is the systematic study of within-personinfluences on change
over time. Whereas the estimation of between-person differences is based
on measures taken at a single point in time (i.e., TICs), the estimation of
within-person differences involves measures taken repeatedly over time; as
such, these measures are referred to as time-varying covariates, or TVCs.
Unlike TICs (which directly influence the random growth parameters),
the TVCs directly influence the repeated assessments of the outcome mea-
sure net the influence of underlying growth in the outcome. Whereas the
between-person TIC effect reflects a mean shift in the parameters defining
growth pooling across the sample of individuals, the within-person TVC ef-
fect reflects a mean shift in the time-specific outcome measure as a function
of the relative distribution of the TVCs within each individual. Mare col-
loquially, TICs provide insights regarding “for whom” an effect exists and
TVCs provide insights regarding “at what time” an effect exists. TVCs are
thus person- and time-specific measures that capture within-person effects
by directly predicting the repeated measures above and beyond systematic
growth in the outcome over time.

There is an added complexity to the within-person and between-person
distinction that is better known in the quantitative literature but is much
less evident in substantive research applications. Specifically, it is possible
that a person- and time-specific TVC simultaneously exerts both a within-
person and a between-person effect. The within-person effect is captured
in the relation between the person- and time-specific measure of the TVC
and the person- and time-specific measure of the outcome; the between-
person effect is captured in the relation between the person-specific (and
thus time invariant) mean of the TVC and the growth trajectories. Either
confounding or misattributing these two levels of effects can lead to poten-
tially significant errors of inference (see Curran & Bauer, 2011, for a recent
review). Only by simultaneously considering these two types of influences
can the full nature of the relation between a TVC and the outcome be
understood (Raudenbush & Bryk, 2002; Schwartz & Stone, 1998; Singer &
Willett, 2003).

As a reflection of the potentially complex nature of these relations, a
TVC might exert a between-person effect but not a within-person effect.
For example, Hoffman and Stawski (2009) studied the relation between
negative mood, stress, and physical symptoms in a sample of younger and
older adults. One key finding was that there was support for a significant
positive between-person effect between daily negative mood and daily
physical symptoms, but there was no support for a within-person effect
between the same two measures (Hoffman & Stawski, 2009, Figure 2). In
other words, individuals reporting greater overall negative mood tended
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to report higher overall physical symptomatology; however, there was no
relation between a time-specific elevation of negative mood relative to the
individual’s overall baseline in the prediction of an associated time-specific
elevation of physical symptoms.

Alternatively, a TVC might exert a within-person effect but not a be-
tween-person effect. For example, Rodebaugh, Curran, and Chambless
(2002) studied the relation between daily anxiety and panic expectancy.
Individuals reporting higher levels of expectancy of panic relative to their
overall baseline in the evening were more likely to Teport experiencing a
Panic attack the following day (Rodebaugh et al., 2002, Figure 2). However,
there was no support for a meaningful between-person effect on the same
measures. In other words, individuals reporting elevations in expectancy
relative to their norm on one day tended to report higher incidents of pan-
ic the following day; however, there was not a systematic relation between
the overall person-specific levels of expectancies and person-specific panic
pooling over all repeated measures across individuals,

It is thus possible that a TVC exerts only a between-person effect, only
a within-person effect, neither, or both, Examining only one level of influ-
énce can meaningfully alter substantive conclusions about the true struc-
tural relation between the TVC and the outcome. One might miss an effect
that actually exists, or one might mistakenly obtain an aggregate effect that
reflects neither the between-person nor within-person relation. It is thus
critical that these influences be appropriately disaggregated, evaluated, and
interpreted.

However, as we describe in detail later, the MLM and SEM approaches
to growth modeling incorporate and evaluate these TVC effects in quite
different ways. Indeed, what initially appear to be identically parameter-
ized models result in very different estimates of between-person and within-
person effects. These differences may in turn have a significant impact on
how TVC-relevant hypotheses are tested and interpreted in practice. As we
demonstrate later, different conclusions could be drawn about the nature
of a relation depending on whether an SEM or MLM approach was fitted
to the same measures. Despite the potential importance, we believe these
issues have not been fully explicated, either analytically or substantively.
Our motivating goal here is to both conceptually and statistically compare
how TVC effects are estimated within the MLM and SEM growth modeling
traditions, particularly with respect to the disaggregation of the within- and
between-person effects of the TVC on the outcome.

We begin with a review of the standard growth model estimated within
the MLM framework and demonstrate that both the within- and between-
person effects of the TVC can be directly obtained using well-established
methods, at least when certain underlying assumptions are met. Next, we
review the standard growth model estimated within the SEM framework

Disaggregating Within-Person and Between-Person Effects » 221

and demonstrate that only the within-person effect of a A.<C. can be di-
rectly obtained. We then show that the same methods used to Q_mmmmnwmmﬁn,
effects in the MLM cannot be applied within the SEM m.:& we m:w_v&nw_n_w
explicate precisely how the SEM and MLM mvvnown.rnm incorporate A.M ,nu
in quite different ways. We then explore several options for ouSE.::m :_mﬁ
aggregated estimates within the SEM and we propose a new approach tha

disattenuates the estimate of the between-person effect m..o_..mmﬂ_u__:n vari-
ability in the person-mean. We conclude with current __B_Bnc:m of A.:.hq
approach and offer recommendations for the use of these techniques in

applied research.

THE MULTILEVEL GROWTH MODEL

The growth model within the MLM mBBnion_.n mm. B.o:.«w.ﬁn by the mﬂmn
that multiple repeated measures are nested within individual, and t M
results in a natural two-level hierarchical data structure (e.g., Bryk
Raudenbush, 1987; Raudenbush & Bryk, woomu.m_:mn_. & Willett, moomw
As we will see, although there are many m:::..i:n.m between En. SEM MM ;
MLM growth models, there are several critically important _uw_:B _o .ﬁ
vergence (e.g., Bauer, 2003; Curran, woowm Raudenbush, w@or. Wil nmﬂmr
Sayer, 1994). Given the many differences in the parameterization o__ e
same model within the SEM and MLM, we use a notation scheme that is
i with the MLM tradition.
noﬂ”m”wﬁ:mmn. we define y, to represent an ovmm_dm.& repeated Bnmm:n_m ﬂ:
construct y at time point ¢ for individual i For a linear .mnoin_ BmEM. ..M e
observed repeated measure can be nx?.nmmnﬁ asa ?m.n.co—.a of an individu-
ally varying intercept and slope weighted by time. This is given as

E:. = @o. + @:2.5&: + m: Amv ~v

where B,; and B, represent the intercept w:n linear slope for 5&.”9“”_ mm
respectively; time, is the observed value @m time at assessment :.wq indivi w..l.
§ and e, is the time- and individual-specific residual. Note that for .non_sv e
son to SEMs we describe later, time enters the MLM as a numeric leve
i i i.e., time,).
vqﬁnwﬁwwwnﬂmﬂw_mhhhnhnm%n of the growth model is that the intercept and
slope values are treated as random variables. In other words, these »Mo gov-
erned by a bivariate probability distribution and can thus be expressed as

B = Yoo + ua; ©2)

Bii = Yo+
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where ¥, and ¥, are the overall mean intercept and slope, respectively, and
t and u,, are the individual-specific deviations from these means, respec-
tively. Finally, equation 9.2 can be substituted into equation 9.1 to define
the reduced form expression of the model:

% = (Yoo + Yiotime,; )+ (ug, + uy time, +e, ) (9.3)

where the first parenthetical term reflects the fixed effects for the model,
and the second parenthetical term reflects the random effects and all is
defined as before.

The parameters that define the MLM described in equations 9.1 and 9.2
are E(B,) = Yoo E(B,) = ¥,q: var(u,) = T,y, var(u,) = T,;, and var(e,) = 67. The
covariance between random effects is commonly estimated as part of this
model as well (e.g., no<_”§:§_.u_ =1Ty0). Finally, although there are a number
of alternative possible structures for 62, here we assume the residuals are
independent and homoscedastic over time (i.e., 62 = ¢ for all 9. Thisis a
simplifying restriction that does not impact any of our later developments.

This model can be expanded to include one or more time-invariant co-
variates (TICs), and these enter into the level-2 equations. For a single TIC,
denoted w, equation 9.2 would be expanded so that

Boi =Yoo + Yorw, + uy,
(9.4)
Bri = Y10 +Ynw; + uy

where ¥, and y,, represent the fixed-effect regression of the intercept and
slope factors on the TIC, respectively. It is clear from the subscripting that
w,is a ime-invariant covariate given that the value is unique to individual
i but does not vary as a function of time point & As such, the regression
coefficients associated with the TIC are explicit estimates of the between-
person effects.

Additionally, one or more TVCs can be incorporated into the level-1
equation. Whereas the TICs enter into the level-2 equations, the TVCs en-
ter into the level-1 equations. For example, for a single TVC denoted z,, the
level-1 equation is given as

.%: = uc. ot m—.nmﬁt +um..N= + €y A@.mv

where z, represents the time-varying covariate z at time ¢ for individual 5
and all else is defined as above.

Although the influence of the TVC (i.e., P..v can be defined as random
(Raudenbush & Bryk, 2002, equation 6.21), we focus our discussion here
on the TVC defined as having only a fixed effect; this implies that the mag-
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nitude of the relation between the TVC and the outcome is constant across
individuals. We do this to allow for more direct comparisons between the
MLM and the SEM, the latter of which does not easily allow for the estima-
tion of random effects for the TVCs.! The level-2 equations are thus

Boi = Yoo + uo;
Bi = Y10 +uu (9.6)
B2 = Yao
with reduced form
Y = QS +Yiotime,; + <8N:.v+ (uoi + wytime, +e;). 9.7)

As before, the first parenthetical term contains the fixed effects and the
second contains the random effects. Importantly, the regression of the out-
come on the TVC (i.e., ¥,,) captures the shift in the conditional mean of y,
per unit shift in z, net the effect of the underlying trajectory. Ios.\nﬁ_.. as
we will see next, this is an aggregate effect that inextricably combines the
within-and between-person components of the relation between the TVC
and the outcome. We must take additional steps to disaggregate these two
influences, and it is to this we now turn.

DISAGGREGATING BETWEEN- AND
WITHIN-PERSON EFFECTS

It is well known that, under certain assumptions, within- and cn?dn.:.vn_..
son effects can be efficiently and unambiguously disaggregated within Eo
MLM using the strategy of person-mean centering (e.g., Hofmann & Gavin,
1998; Kreft, de Leeuw, & Aiken, 1995; Raudenbush & Bryk, 2002, p. Hm.mv.
Traditionally, the term centering is typically used to describe the rescaling
of a random variable by deviating the observed values around the mean
of the variable (e.g., Aiken & West, 1991, pp. 28-48). For example, s.E:.:
the standard fixed-effects regression model, a predictor x, is centered via
*{= x,— %, where x is the observed mean of x, and x{is the mean-deviated
Lu.mnm.m:m of x; (see, e.g., Cohen, Cohen, West, & Aiken, 2003, p. m.m:. By
definition, the mean of a centered variable is equal to zero, and this prop-
erty offers both interpretational and sometimes computational advantages
in a number of modeling applications. .

However, centering becomes more complex when noamannzm. .H.<Om
This is because multiple repeated measures are nested within each individ-
ual, and there are thus two means to consider: the grand mean of the TVC
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Pooling over all time points and all individuals, and each person-specific
BQ:... pooling over all time points within individuals. To better see this, re-
consider equation 9.7, in which we defined the TVC to be z,. There are o
ways that we can center the TVC, i
. mr..ur we can deviate the TVC around the grand mean pooling over all
individuals. Here, 3, = %; —z, where %, represents the grand-mean-centered
”H<O. %, is the observed TVC, and Zis the grand mean of z, pooling over all
individuals and all time points. Second, we can deviate p.:n TVC around
the person-specific mean of the TVC unique to each individual. Specifi-
nw:ns 2, =z, —~1, where z, represents the person-mean-centered TVC, z is
again the observed TVC, and z,is the person-specific mean for mz&ianm_
i Either z, z,, or z, can be used as the level-1 predictor in equation 9.7,
Importantly, all three scalings of the TVC will result in precisely the same
model fit (i.e., in terms of deviance and all deviance-based measures); how-
M,.M,n the m..umoamﬁa regression parameters and variance components offer
liferent interpretations, sometimes m
B oot .Hwnw_n i arkedly so (see, e.g., Raudenbush &
.>E_o=mr the between- and within-person effects can be disaggregated
using any of the three scalings of the TVC, these effects can be most ef-
ficiendy obtained within the multilevel model using the person-mean-
centered TVC at level 1 (i.e., ;) and the person-specific mean at level 2
(i.e., Z). The level-1 equation is given as

Ya = Bo, +Butime, +By,3, +e, (9.8)
the level-2 equation as
Bos = Yoo +YiZ, +uq,
Bii = Yo+ Y1z +uy, (9.9)
Be =7vx
and the reduced-form equation as
3 = (Yoo + Yiotime, + Y202 + Yoz + Y11 Gtime, v+?¢. +uytime, +e;)  (9.10)
where Yoo is the intercept, v,, is the fixed effect of time, v,, is a direct estimate
of the 555.%2.3: effect, v, is a direct estimate of the between-person ef-
fect, and v,, is the cross-level interaction between the person-specific mean

and :Bn... As before, the within-person and between-person effects are net
the contribution of the linear effect of time.
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Although these methods for disaggregating effects are well established
and widely used, there are also several assumptions that must hold for these
techniques to work properly; we explore these assumptions in detail in Cur-
ran and Bauer (2011). Of key interest to our discussion here is the assump-
tion that the within-person variability among the set of repeated measures
of the TVC:s is equal to zero; in other words, it is assumed that the person-
specific mean is assessed with perfect reliability. This can most clearly be
seen in that the person-specific mean of the TVCs is computed and used
as a level-2 predictor, but the within-person standard deviation of the TVCs
around the person-specific mean is discarded. Omitting this important
source of within-person sampling variability leads to bias in the estimation
of the true variance of the person-specific mean and in turn attenuates the
estimate of the between-person effect; see Ludtke et al. (2008) for an excel-
lent recent discussion of this issue.

As a concrete example, consider two individuals who have precisely the
same mean value among a set of TVCs, say z, = Z, = 5.00. This reflects that
the overall level of the TVC is equal for these two individuals and each ob-
tains the same value for the analysis. However, say that the standard devia-
tions for the two individuals were sd, = .50 and sd, = 2.50, respectively; these
standard deviations capture the within-person variability of the repeated
measures around the person-specific mean. The difference in magnitude
of these standard deviations reflects that the repeated assessments of the
TVC are much more tightly clustered around the mean for the first indi-
vidual compared to that of the second. Yet when using the person-mean
as a manifest predictor of the random intercept of y,, the between-person
differences in within-person variability are not introduced into the model;
indeed, both are assumed to be zero and these two individuals would be
treated as identical with respect to the TVC.

Within both the MLM and SEM, exogenous covariates are assumed to
be fixed and known and thus error free. Although within-person sampling
variability among the TVCGs is not measurement error in the traditional psy-
chometric sense of the term (e.g., as in measurement error in classical test
theory), the MLM and SEM assume this source of variability to be zero. It is
well known within the general linear model that violating the assumption
of perfectly reliable exogenous covariates tends to attenuate the associated
regression coefficient (see Bollen, 1989, pp. 151-175, and Lidtke et al.,
2008). With respect to our work here, we expect that omitting within-per-
son variability would drive down the sample estimate of the between-person
effect, potentially significantly so (Liidtke et al., 2008, Figure 1). Given this,
we pay particular attention to the potential attenuating effects of omitting
within-person variability when estimating the between-person effect in both
the MLM and SEM.
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To demonstrate the use of existing methods for disaggregating effects
within the MLM and to subsequently compare these to the SEM, we next
use computer simulation methodology to fit the model defined in equation
9.10 to artificially generated data with known population structure.

SIMULATED DATA

We begin our evaluation of the MLM using computer simulation methodol-
ogy that allows us to draw unambiguous conclusions about the relative ac-
curacy of parameter estimation given the known population structure. We
drew upon recent published applications of growth models along with our
collective experience to define a population model that we felt was both re-
alistic and constructed in a way as to highlight the differences between with-
in-person and between-person effects of the TVC. We based our population
model on a hypothetical relation between anxiety symptoms and alcohol
use. The positive between-person effect reflects that, on average, individu-
als who are characterized by higher overall levels of anxiety tend to drink at
higher levels (e.g., possibly due to drinking alcohol to lessen anxiety symp-
toms; Kassel et al., 2010). The negative within-person effect reflects that, on
average, individuals tend to drink less when anxiety symptoms are elevated
relative to their own baseline (e.g., when anxious they avoid social situa-
tions where alcohol is available; Kaplow, Curran, & Costello, 2001). Thus,
whereas individuals who are more anxious tend to drink more (the positive
between-person effect), individuals tend to drink less on days where they
are experiencing higher anxiety (the negative within-person effect).?

Consistent with this hypothetical example we defined the population-
generating model to be a growth model with both a random intercept and
a random positive linear slope of time as well as main effects of the within-
and between-person TVC.* Of key interest to us here are the fixed effects
of the within- and between-person effects of the TVC on the outcome. The
population value of the within-person effect was set to -.25, indicating that
higher values of the time=specific TVC are associated with lower values on
the outcome. The population value of the between-person effect was set to
.75, indicating that higher values of the person-specific overall level of the
TVC are associated with higher values on the outcome. We generated data
in SAS Version 9.2 based on T'=5 repeated measures assessed on N =250
individuals and we created R =1,000 data replications.? All tabled values
present the means and standard deviations of the parameter estimates
pooling over the 1,000 replications.

e
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We fitted a number of different models to precisely the same artificial
data that in turn allows us to directly compare the MLM to the SEMs that we
will define in a moment. We began by fitting a standard linear growth model
without the inclusion of any other predictors (i.e., equation 9.3); these re-
sults are labeled Madel I in the first column of Table 9.1. The mean intercept
over the 1,000 replications was 22.496 (SD =.127) and the mean m_mvo was
1.998 (SD = .071). Thus the model-implied starting point was approximately
22.5 and this increased at approximately two units per unit-time.

We then expanded this growth model to include just the main effect of
the uncentered TVC (i.e., z,}; more specifically, we fitted the model

3 = (Yoo + Yiotime, + Va2 ) + (% + whitime,, + &) (9.11)

TABLE 9.1 Means and Standard Deviations of vw..w:_.m»m_. Estimates
for Multilevel Model Summarized over 1,000 Replications at Sample
Size N = 250

Model 4
Model 2 Growth plus
Growth plus Model 3 centered TVC
Model 1 uncentered Growth plus plus person-
Parameter Growth only TVvC centered TVC mean
sreept (Y 22.496 22,262 22.495 17.841
e s .127) (.368) (.126) (1.047)
> 1.998 1.999 1.999 2.020
TR (071) (.070) (.070) (.589)
S (Y —_ =177 -.250 =250
Lt (034) (.085) (.085)
¥ [ — 465
e b (.108)
it ¥ —_ —_ -002
Interaction (y,,) = e
T 2587 2.832 2.564 2,248
(.351) (.875) (.346) (.318)
% -.197 -.198 -197 ~.193
= (.148) (.147) (.141) (.134)
% 1.004 1.009 LO0Y 1.004
: (.108) (.107) (.107) (.107)
52 2.128 2011 2.000 2,000

(.110) (.108) (.102) (.102)

Note: First number is mean and number in parentheses is standard deviaton; dashes indicate
that the corresponding value was not estimated as part of the associated madel.
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to the 1,000 simulated samples of size n = 250. The model results are pre-
sented under Mode! 2 in Table 9.1. Most important to our discussion here,
the mean of the 1,000 sample estimates of the main effect of the uncen-
tered TVC was equal to ~.177 (SD=.034). As expected, because in this
model the TVC is in the raw scale metric, this effect represents the aggre-
guaterelation between the TVC and the outcome. Given that the population
within-person effect is ~.25 and the population between-person effect is .75,
this aggregate effect reflects neither the within-person nor between-person
effects (Raudenbush & Bryk, 2002, equation 5.38). However, we can use the
methods described above to disaggregate these two levels of effect.

To accomplish this we fitted the same model as above to the same 1,000
simulated samples but this time we used the person-mean-centered scal-
ing of the TVC (i.e., %,;); these results are summarized under Model 3 in
Table 9.1. Again, most important to our discussion here, the mean of the
1,000 sample estimates of the main effect of the person-mean-centered
TVC was equal to ~25 (SD=.037). Given that we are using the person-
mean-centered scaling of the TVC, this represents a direct estimate of the
within-person effect; indeed, the obtained mean of the sample estimates is
precisely equal to the population-generating value, However, we still have
no information regarding the between-person effect; we can incorporate
the person-mean as a level-2 predictor to obtain this effect.

To obtain estimates of both the within-person and between-person ef-
fects, we expanded the prior model to include the person-specific mean as
a level-2 predictor of the random intercept.’ Thus the model fitted to the
1,000 simulated samples corresponds to equation 9.10; the results are sum-
marized under Model 4in Table 9.1. The mean of the 1,000 within-person
estimates was ~.25 (SD = .035) and of the between-person estimates was .465
(SD=.103). Note that whereas the within-person effect is accurate with re-
spect to the population model, the between-person effect is substantially at-
tenuated relative to the corresponding population value (see Lidtke et al.,
2008, for a clear description of why this attenuation occurs). Given that the
population value is .75 and obtained value is .47, the sample estimate of the
between-person effect is underestimated by nearly 40% within the MLM.

This brings us to our first observation:

As expected from existing analytic theory, the within- and between-person
effects can be simultaneously and unambiguously disaggregated within the
MLM by incorporating the person-centered TVC as a level-1 predictor and
the person-mean as a level-2 predictor; however, the between-person effect is
attenuated due to the omission of within-person variability around the person-
specific mean.

Disaggregating Within-Person and Between-Person Effects = 229

To clarify, we have yet to offer any new developments thus far and have
primarily reviewed and demonstrated existing knowledge in this area. How-
ever, we now turn to a closer examination of how these same effects are
obtained within the SEM, a topic that in our opinion is much less well un-
derstood.

THE STRUCTURAL EQUATION GROWTH MODEL

The growth model is conceptualized in the MLM framework as Bw&n::m
a hierarchical data structure that is induced by the nesting of multiple re-
peated observations within each individual. In contrast, the main_ model
is conceptualized in the SEM framework as modeling Bc_n_u_n.oumn?n&
repeated measures as manifest indicators that define an underlying latent
growth process (e.g., Bollen & Curran, 2006; McArdle, mem.. Emo. 1991;
McArdle & Epstein, 1987; Meredith & Tisak, 1984, 5@.3. mi:nrw:m nota-
tion to stay consistent with the SEM framework, we cn.m._: .5 considering a
linear growth model in which the measurement equation is defined as

Yi = O+ AP, +€, (9.12)

where y, is the observed outcome for individual i at time point ¢, o, and
B, are the person-specific intercept and m._o_...n components mom. the r.:nmn
trajectory for individual 4 A, is the numerical .<w_=n o.m time at time point £
and g, is the residual term for individual i at time point & wommcmn we con-
ceptualize the intercept and slope components as a:no.B variates (e.g., re-
alizations randomly drawn from a bivariate probability distribution), we can
write structural equations for these terms as

DL (9.13)

B =up+8p,

where i, and i, are the mean intercept and u_o_m.n .noBvo:Q-G. respective-
ly, and £, and &g, are the individual-specific deviations around these mean
values for individual i Finally, the structural equation can be mccmmaﬁna
into the measurement equation to produce the reduced form equation as

90 = (o + Mttp )+ (G + Ml +4) ©.14)
where all terms are defined as above.

Because we are working within the framework of the general mmzn the
time-specific measures of the outcome y, are treated as observed manifest
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Figure 9.1 Path diagram for a five-time-point unconditional lincar SEM growth
model.

variables. As such, each trajectory component is defined as an unobserved
latent variable with a mean (i.e., the fixed effect) and a variance (i.e., the
random effect). Finally, the numerical values of time are fixed factor load-
ings that relate the observed variables to the latent variables. A path dia-
gram for this model is presented in Figure 9.1.

This linear growth model is defined by two fixed effects (i.e., E(a ) = He
and E(B,) = py) and three random effects (i.e., var(Ce,) = Yoo, var(Gy,) = Wep,
and var(g;)=06?). The covariance between the two random effects (i.e.,
cov(Co,,Cp,) = Wap) is typically estimated as part of the model. Furthermore,
the time-specific residual variance (i.e., 67) can either vary as a function
of time ¢ or can be held constant over time; to remain consistent with the
MLM defined earlier, we retain the assumption of homoscedasticity (i.e.,
o/ =0 forall ¢).

The SEM can easily incorporate one or more predictors either within
the measurement equation, the structural equations, or both. TICs are de-
noted by w, and enter directly into the structural equations

Q.. = —hﬂ + %n:& +ﬁﬂ.
(9.15)
B=pp+ Yow; +Lg,

where y, and s represent the fixed effect of the TIC on the random inter-
cepts and slopes, respectively. These fixed effects capture between-person
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differences in the prediction of within-person change as a function of w,
However, the focus of our work here is on the estimation and interpretation
of effects of the TVCs.

We continue to denote the TVCs as z, to reflect that the obtained value
varies as a function of time point ¢ for individual  this is in contrast to the
TIC where w, reflected that the obtained value only varies as a function ¢
but not ¢. We can thus incorporate a TVC directly into the measurement
equation as

Yi = o; + ?:U. + %NN: +€y AQLOV

where z, is the TVC for individual i at time point ¢, and v, is the fixed effect
of the TVC on the outcome at time point ¢ The SEM allows the value of ¥,
to take on unique values at each time point § here we make the assumption
that yis constant over ¢ to better make direct comparisons back to the MLM,
although this in no way limits our later developments.” Because the TVC
does not vary over individual, the structural equations remain defined as in
equation 9.13, and the resulting reduced-form equation is

¥ = (Mo + Aullp + V24 )+ (Lo, +Aulp, +£4) 9.17)

where all terms are defined as before. A path diagram of this model is
presented in Figure 9.2. We now briefly demonstrate this model using the
1,000 samples of artificially generated data.

Fitting the SEM

We fit a series of SEMs to the same simulated data as we used earlier. We
begin by fitting an unconditional growth model (i.e., the model presented
in Figure 9.1) and, as expected, we obtain precisely the same parameter esti-
mates as those obtained for the equivalently parameterized multilevel growth
models. These results are summarized under Model I in Table 9.2. We next
extended this model to include the main effect of the uncentered TVC.

Descriptively, this is a random intercept and random linear slope growth
model with z, as the single time-varying covariate, the magnitude of which
is held constant over time. Consistent with the structure of the population
model, we restricted the time-specific residual variance to be homoscedas-
tic over time (i.e., var(g,) = 6%). Furthermore, consistent with the standard
parameterization of SEMs, all exogenous variables were allowed to freely
covary (i.e., all TVCs covaried with one another and with the random inter-
cept). Finally, we used standard normal theory maximum likelihood estima-
tion to obtain parameter estimates and standard errors.
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The model results are summarized under Model 2 in Table 9.2. The > E 5
. =
mean of the 1,000 sample estimates of the uncentered TVC was equal to o m 8
—.25 (8D =.037). This is identical to the population within-person effect .m & - e= cggse ol
of —25 and the sample point estimate is precisely equal to those obtained 4 K] ~5|Z8 SeeEsicle .m £
from the MLM using the person-specific mean-centered TVCs (compare 8 Mo 3 m 11 R - .m
Model 3in Table 9.1 with Mode! 2in Table 9.2). Quite interestingly, in direct “ c S glesg 2SS g&Z T8
contrast to the MLM, the inclusion of the TVC kept in its original scale £ .m U] m Z T A P m
(i-e., z,) in the measurement equation of the SEM accurately captured the w3 g5
within-person relation between the measure of z, and the outcome y,. Fur m o -
thermore, note that there is no information available about the potential SF .m g
between-person relation between the TVC and the outcome. Recall that the 3 3 R
o - . . N Y = Sz
structure of the artificial data includes a large and positive between-person a3 a3 B2
relation (i.e., .75), yet no evidence of this between-person effect is obtained w .w g5 ,,m. £
from Enmw m.mg no.mEB. Om.<o.= our knowledge of the population-generating - m m PRI PP I P 53
model, this is a salient omission from the SEM. | H=
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This brings us to our second observation:

The inclusion of an uncentered time-varying covariate in a standard SEM
provides an accurate estimate of the within-person effect of the TVC on the
oulcome, but no information is available about the potential between-person
effect of the TVC.

We view this as an important observation for two reasons. First, we con-
ducted an extensive literature review of TVCs within the SEM and did not
find a single instance in which a TVC effect was unequivocally interpreted
as a within-person effect. This includes our own work on this same topic. For
example, Bollen and Curran (2006) present results from an SEM growth
model in which math ability is the dependent measure and reading ability
is the TVC. The relation between the TVC and the outcome is described as
“...a significant and positive prediction of math ability from the contem-
poraneous influence of reading ability (¥ =.41, p<.0001)" (p. 197). This
is not an incorrect interpretation, but it is an imprecise interpretation. As
a within-person effect, the more precise interpretation of the TVC is that
higher reading scores relative to the individual’s baseline reading skills are as-
sociated with higher math scores relative to the individual’s baseline math skills.
It is thus not an aggregate interpretation (e.g., overall reading predicting
overall math), but a more precise relation of time-specific standing rela-
tive to a person-specific baseline. Given the lack of attention currently paid
to the distinction of within-person and between-person effects within the
SEM, it is likely that TVC effects within the SEM are not commonly inter-
preted in as precise and accurate a way as is otherwise possible.

A second concern that is highlighted by our artificial data results is that,
despite the existence of a large and positive between-person effect that ex-
ists in the population model, there is no evidence of this effect in the SEM
sample results. As such, a significant characteristic of the data structure is
not captured in this model and this could in turn lead to limited or even
misleading conclusions about the processes under study. Returning to the
example presented in Bollen and Curran (2006, p. 197), no comment is
made regarding potential between-person differences in the relation be-
tween reading and math ability; an aggregate interpretation was provided
regarding the TVC effect and nothing more was said. This is a universal
interpretation of TVC models estimated within the SEM, and a major com-
ponent of the over-time relation between the TVC and the outcome is be-
ing ignored.

Returning to our simulated data, we have obtained a direct estimate of
the within-person effect in the SEM via the uncentered TVC, but we have
no information about the corresponding between-person effect. Given that
the SEM and MLM are being fitted to precisely the same data, it seems logi-

& e
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cal that the well-established strategies used to disaggregate between- and
within-person effects in the MLM could equivalently be applied to the SEM
to obtain these same estimates. However, two critical problems are encoun-
tered when attempting to do this.

To begin, even though we demonstrated that the within-effect can be o.c.
tained in the SEM using the raw scale TVC (i.e., z,), we consider an SEM in
which the person-mean-centered TVC is used instead (i.e., Z;). We do p.—:m
to directly compare the SEM and MLM results when using the same scaling
for the TVC.? However, we immediately encounter a significant problem:
the standard SEM is not estimable under maximum likelihood (ML) es-
timation when using the person-centered TVC. The reason is that, within
the framework of the SEM, the person-centered TVC is an épsative measure
(Cattell, 1944; Clemans, 1966). An ipsative measure is defined as onc in
which the sum of a set of items for a given individual is equal across all in-
dividuals within the sample. Because by definition Xz, = 0 over all {within
i, %, is ipsative. 'y

There is a long history in the development and application of statistical
methods to ipsative measures (e.g., Cattell, 1944; Chan & wnznnn.. Gwmn
Dunlap & Cornwell, 1994). However, there is a particular characteristic of
ipsative measures that is salient to our discussion here. Namely, the ele-
ments within any row or column of the covariance matrix among the set of
ipsative items must sum to zero. As such, the matrix is singular w:.a rm.u. a
zero determinant. This poses a fatal problem for standard ML estimation
within the SEM given the requirement that the log of the determinant of
the sample covariance matrix be calculated during optimization (e.g., Bol-
len, 1989, equation 4.67). Although there are potential ad hoc ways to ad-
dress this problem (e.g., ridge estimation, unweighted least macmw.nmv. these
are generally not acceptable given that these estimators can be biased and
none result in true ML estimates of model parameters (e.g., Greene, 2000).

This leads us to our third observation:

The SEM is not estimable under standard maximum likelihood when using
person-mean-centered TVCs because the TVCs are ipsative and the sample
covariance malrix is singular.

To be clear, although we are not able to include the person-mean-cen-
tered TVC within the SEM, this is not problematic from a practical stand-
point since we can obtain direct estimates of the within-person effect using
the raw scaled TVCs. However, the ipsative nature of the person-mean-
centered TVC highlights a distinct difference in how the TVCs are being
incorporated into the MLM and SEM. More importantly, for the moment
we remain unable to obtain a direct estimate of the between-person effect
within the SEM.? Continuing to draw on the established strategies used in
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the MLM, we next consider incorporating the person-mean as a predictor
to obtain these between-person effects.

Between-Person Effects within the SEM

We continue (o follow the recommended strategy for use within the
MLM o disaggregate between- and within-person effects; that is, we can ex-
tend the SEM expression for the TVG model to include the person-mean as
a predictor of the random intercept. The measurement equation remains
unchanged

% =04+ AP, + vz, +e, (9.18)

but the structural equations are now

o =g+ Yo7 +ﬁn.

el 9.19)
Bi =lg + 757 +8p, A

with reduced form

3 = (Ma + Kbty + Yo, + YoZi + YpAuZ) + (G, + Alp, +€)  (9.20)

where z, is the person-specific mean of the TVC for individual ; pooling over
all time points ¢, Yz and Y, are the between-person effects of the TVC on the
outcome, and all else is as defined before.

Despite the importance of including the person-mean as a predictor with-
in the MLM, this same model defined in equation 9.20 is not estimable with-
in the SEM framework. There is a remarkably simple reason: the covariance
matrix of the TVCs (j.e., z,) and the person-specific mean (z) is singular,
again making optimization impossible under ML estimation. Interestingly,
this indeterminacy has a markedly different source than the one we previ-
ously encountered. Whereas the prior indeterminacy arose from the ipsative
nature of the person-mean-centered TVCs (i.e., Z;), here the singularity is
due to the fact that there is a direct linear dependency between the set of
uncentered scores z,and the person-mean 2, Indeed, this is precisely the ex-
ample we commonly use when teaching introductory statistics as to why the
degrees-of-freedom for computing the sample variance is 7 ~ 1: namely, that
knowledge of the sample mean restricts one dimension of variability in the
data. As such, there is a column dependency, the determinant of the sample
covariance matrix is zero, and ML estimation is again not possible.

S
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This brings us to our fourth observation:

1t is not possible to obtain an estimate of the between-person effect in the SEM
by using the person-mean as an exogenous predictor because of the linear de-
pendency between the person-mean and the TVCs in the covariance matrix.

Given this observation, there is not a method for simultaneously esti-
mating the within-person effect and the between-person effect using the
person-mean within the SEM. This is in direct contrast to the established
strategies that are widely used within the MLM and leaves us with two logi-
cal questions. First, exactly what accounts for the differences between the
MLM and SEM approaches to the TVC model? And second, is there a way
to estimate the between-person effect within the SEM that does not rely on
the inclusion of the person-mean as an exogenous predictor? We address
each of these issues in turn.

THE SOURCE OF THE DISCREPANCY

The source of the discrepancy between the MLM and SEM estimates of the
TVC effect relates to precisely how the two modeling approaches param-
eterize the covariance structure among the TVCs and the random inter-
cept. In the Appendix we present the analytic derivations that explicate the
relation between the SEM and MLM growth modeling frameworks. Here
we augment these derivations with a more descriptive discussion of the two
underlying models.

Consider the reduced-form expressions for a random intercept model
with one TVC for the MLM

Y = (Yoo + Yiolime,; + Yooz, )+ (ug; + time,uy; + ¢, (9.21)
and for the SEM
i = (Ha +Aaltp + ¥z )+ (Ca, + Ay, +€4). (9.22)

Despite the apparent structural similarities between these two equations,
fundamentally different assumptions underlie each expression. In the
MLM it is explicitly assumed that the predictors (i.e., z,) are uncorrelated
with the random effects (1, and ¢,). More formally, cov(z, u,) =0 forall ¢
and all i Although an explicit assumption of the model (e.g., Raudenbush
& Bryk, 2002, p. 255, point #6), in a very real sense these covariances do not
even exist in the MLM; that is, these parameters are not a formal part of the
model, which is why assumptions are required that these covariances equal

zero in the population.
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In contrast, in the SEM these same covariances are an explicit part of the
model. More formally, cov(z,,8o,) =, o for t=1,2,...,T. In other words,
the model allows for the estimation of covariances between the random
intercept and all time-specific TVCs (this can be seen in the double-head-
ed arrows between the TVCs and the intercept factor in the path diagram
presented in Figure 9.2). Furthermore, these covariances can be freely es-
timated or fixed to zero in any given application. Thus, in the MLM the
covariances between the TVCs and the random intercept are assumed to
be zero; in the SEM these covariances may be freely estimated as part of the
growth model. This is precisely where the difference in the estimation of
the between- and within-person effects lies.

Let us first consider the MLM. As described in Raudenbush and Bryk
(2002, p. 256, point #6), the assumption that predictors at one level are
uncorrelated with random effects at the other level implies that biases are
not introduced by the omission of relevant predictors at either level. How-
ever, if the uncentered TVC (i.e., z,) is used as a level-1 predictor, and no
other predictors are included at level 2, there will be a nonzero covariance
induced between the TVCs and the random intercept (assuming an intra-
class correlation for the TVCs that is greater than zero; see Raudenbush &
Bryk, 2002).

The reason is that the uncentered measure of the TVC contains informa-
tion about both within-person differences and between-person differences.
Specifically, the TVC can be expressed as

2, =5+€, (9.23)

%rn..n the first term varies between individuals (i.e., the person-specific mean
z) and the second term varies within individuals (i.e., the person-specific
and time-specific residual €,,). When using the raw-scaled TVC there is thus
a between-person component embedded within the TVCs that has been
omitted from the model, and this in turn induces a cross-level correlation,
a correlation that the MLM assumes to be zero.

However, this model misspecification can be circumvented in one of two
ways. First, the TVC can be person-mean centered, thus making the with-
in- and between-person effects orthogonal and meeting the assumption of
zero covariance. Second, the person-specific mean can be included as a
level-2 covariate, thus incorporating the previously omitted predictor and
correcting for the bias (Raudenbush & Bryk, 2002, pp. 261~262). Both of
these approaches are often used in many MLM applications.

In contrast, in the SEM the covariance structure between the TVCs and
the random intercept enters directly into the model formulation. As such,
this allows for the random intercept effect to be estimated net the TVC ef-
fects and, most important to our discussion here, the TVC effects are netthe

e i, s Sl
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influence of the random intercept. As such, the uncentered TVCs capture
the within-person effect because these effects are unique to the influence of
the random intercept. That is, the saturated covariance structure among the
TVCs and the random intercept “absorbs” the omitted predictor, precisely
as is possible in the general linear model. This is why all exogenous predic-
tors freely covary in the multiple regression model (e.g., Greene, 2000).

To summarize, becausc the MLM assumes the covariance between the
TVC and the random intercept to be zero, modifications must be made
either directly to the data (via centering) or to the model (via inclusion of
the person-mean) to address this issue. In contrast, because the SEM can
explicitly incorporate these same covariances as part of the model, these
cross-level relations can be directly modeled and the data need not be man-
ually modified via data management outside of the analysis.

To briefly demonstrate the impact of the exogenous covariance struc-
ture, we reestimated the SEM using the uncentered TVC but we fixed the
covariances between the TVCs and the random intercept to be zero (thus
corresponding to the standard MLM parameterization). Consistent with
expectations, the resulting TVC effect represented precisely the same ag-
gregate effect as the MLM estimated to the uncentered TVC earlier; specifi-
cally, compare Model 2 in Table 9.1 with Model 3 in Table 9.2. Thus in the
SEM the uncentered TVC results in a direct estimate of thc within-person
effect when the TVCs freely covary with the random intercept but results in
an estimate of the aggregate effect when these covariances are held to zero.

To better explicate the critical role the exogenous covariances play in
the SEM, we can capitalize on the information that is contained in the co-
variance structure between the TVCs and the random intercept and slope
within the SEM to derive an estimate of the between-person effect. Con-
sider again the reduced form of the SEM described above

3 = (Ha + Aty +¥2,)+ (G, +Milp, +€4) (9.24)

in which ¥ represents a direct estimate of the within-person effect. Further-
more, define §, to be the difference between the within- and between-per-
son effects for the random intercept'?; this is consistent with the composi-
tional effect of Raudenbush and Bryk (2002, equation 5.42). Because the
compositional effect is the difference between the between-person effect
and the within-person effect, we can obtain an estimate of the between-per-
son effect based solely on the within-person effect and the compositional
effect; in other words, the between-person effect is the sum of the within-
person effect and the compositional effect.

As we detail in the Appendix, a sample estimate of the compositional
effect can be derived based solely on parameter estimates drawn from the
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SEM TVC model defined in equation 9.24. Specifically, the compositional
effect is given as

+ 2o cov(zi, Gai)
50 = 9.25
’ #{ZT, éﬁu.._TMw_.nSF.yg gyl

where t=1,2,...,T; ¢t= t,z= 2, and all else is defined as above. In other
words, the estimate 8, is the ratio of the mean of the covariances between
each TVC and the random intercept (the numerator) to the scaled sum-
mation of the variance of each TVC and the covariance of each TVC with
all other TVCs (the denominator). Although the compositional effect is of
substantive interest in some applications (e.g., Raudenbush & Bryk, 2002,
pp. 139-141), here we only use this to obtain the between-person effect.
More specifically, when 8, is added to the within-person effect, we obtain
a direct estimate of the between-person effect even though we have no ex-
plicit information about between-person variability in the model (i.e., we
have no information about z,anywhere in the model).

To demonstrate the information contained in §;, we applied equation
9.25 to the results obtained from our earlier TVC model fitted to the 1,000
replications of sample size 250 within the SEM. Recall that our within-per-
son effect was ~.25. Applying equation 9.25 to the results from this SEM,
we obtain a mean estimate for the compasitional effect of §, =1.0. Thus
our between-person effect is obtained as 8 +¥=1.0+(~25)=.75, which is
Precisely equal to the population between-person effect.

This brings us to our fifth observation:

Within the SEM, sufficient information is contained in the covariance struc-
ture among the TVCs and the random intercept to allow for the estimation
of the between-person effect without requiring the inclusion of the person-
specific mean as an exogenous predictor; furthermore, the between-person

estimale is not attenuated given that the calculation does not rely on the
person-specific mean.

This observation highlights exactly why the within-person effect is ob-
tained from the uncentered TVC in the SEM but the aggregate effect is
obtained from the uncentered TVC in the MLM. We can next consider
what options the SEM might provide to move beyond the standard meth-
ods of disaggregation currently used in the MLM, Although the MLM is of
course characterized by myriad significant strengths, embedding the TVC
model within the SEM allows for a number of model expansions that are
not currently available within the MLM (just as the MLM offers a number
of model expansions that are not currently available within the SEM). Al
though there are a variety of interesting ways in which these models can be
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expanded within the SEM, here we focus on one WBE..:.BE nxma_u_n.u the
estimation of the person-specific mean of the .H.<ﬂm using a _ma.nz.ﬁ variable
methodology to explicitly incorporate information about within-person
sampling variability. It is to this we now turn.

ESTIMATING THE PERSON-MEAN VIA A LATENT FACTOR

We earlier demonstrated why the person-specific mean cannot be included
in the SEM given the linear dependency between the person-mean and the
TVCGs. In contrast, the person-mean can be incorporated into the MLM to
provide a direct estimate of the between-person effect of the TVC on the
outcome. However, it is important to keep in mind that ﬁvn person-mean
that is used to predict the random intercept in the MLM is an exogenous
manifest measure and, as such, is assumed to be error free An.m“. w.o.__mmr
1989; Raudenbush & Bryk, 2002). The assumption of .vn..mnnﬁ _..orwg_.i _M
widely known to be often dubious, the violation of which can yield biase
parameter estimates and standard errors (e.g., _L.E:ﬁ et m_.. .woomv. How-
ever, one of the key strengths of the SEM is :::. multiple ﬁ&nﬁo.n latent
factors can be used to estimate the true score variance associated with a set
of measures that in turn avoids the strong assumption of error-free v_.nnrM
tors. We conclude by exploring howa _mﬁa.: «”wlwc_n u.vvnownw. can c.n ”Mn
to explicitly include information about within-person sampling variability
in the disaggregation of within- and between-person n_.”monm. Ll

Earlier we described the potential importance o.m incorporating _Nqu.
mation about within-person variability when computing the person-specific
mean of the TVC. We can draw on the developments of Rogosa »:aamnmhmn
(1995) to formalize these issues. We can express E.n TVC z wm an a _pﬂﬁ”
function of a person-specific mean and a time-specific deviation from thal
mean such that

2 =Z+€y, (9:26)

z i ean for person i and €, is the nBo.mvnnm.mn deviation
M“nhﬂ&n_ﬁwwp”““. The mBﬂawR_ approach within .En MLM is to use :Mn
person-specific mean as a level-2 predictor but to &m.nwz.._ €y Ioiwﬁ... al m.
ditional information is embedded in this term, m_umn_mnp:w the variance .“_.
these time-specific deviations from the vnaom.uvnn_mn mean. d:w W m_%ﬂ m
given as var(€,,) = 6}, and represents the within-person variance of the
o«ﬂ.%“-mﬁ.rn above, the grand mean of the set of N person-specific means is

[&

(9.27)

N
%= Li=t4
N
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and the grand mean of the set of Nperson-specific variances is

N A

Aw.w = M..:N_O.M

T = b
N

(9.28)

We can now modify Rogosa and Saner’s (1995) expressions for this simple
case to define the true score variance of the sample means as

X _, o}
Vo, = var(z) T

(9.29)

where @PS represents the estimate of true score variance, var(z) repre-
sents the variance of the individual person-specific means, 62 represents
the mean of the individual person-specific variances, and T represents the
total number of repeated assessments.'!

Equation 9.29 demonstrates that the variance of the person-specific
means is overestimated by an amount equal to 62 / T. Thus, using the sam-
ple mean as a predictor of the random intercept implicitly (and unrealisti-
cally) assumes that 67 / T'=0 for all & that is, there is no error of estimation,
and each within-person time-specific measure of the TVC is equal to the
person-specific mean of the set TVCs.

However, we can simultaneously estimate both the true score variance
and the residual variance in a straightforward manner within the SEM. Just
as we earlier defined a random intercept factor for the outcome Yi» We de-
fine a second random intercept factor for the TVC z,. We now write the
reduced-form equation for the TVCs as

z, = Mo, +8o, +E,, (9.30)

where E(z,)=,,, var(z;) = var({,, +€,,) = Wq.q +06%. We have now includ-
ed a subscript z to distinguish these values from similar expressions for y
in equation 9.17. Importantly, note the estimation of two variance com-
ponents, one estimating true score variance (Ya,,) and the other within-
person residual variance (6?). We are thus able to disaggregate these two
variance components associated with the TVC by defining a latent factor
intercept for the TVCs.

We will use the random intercept latent factor for the TVC as defined
in equation 9.30 as a predictor of the random intercept latent factor of the
outcome yin order to incorporate this variance component into the model.
Although this is quite straightforward (and is really nothing more than a
second random intercept in a multivariate growth model), we encounter
one final complexity that we must address. Because our goal is to obtain si-
multaneous estimates of the between- and within-person effects, we must re-

it
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tain our regression of outcome y, on the TVC z,. Ioinﬁn.cnnm:mn we have
defined a random intercept for z,, we must not regress y, directly on z,as we
have done thus far in the SEM. Doing so will result in an aggregate effect of
the TVC on the outcome.' Instead, we must estimate a :ozm,amnawa nmmmnm
in which we regress y, on the time-specific residual of z,, specifically &,,. .H—.F
motivation for this is that the time-specific residuals represent the anw_w.
tion of each observation from the true mean of Em TVC (e.g., see equation
9.30). We are thus mean-deviating each time-specific TVC through :.5 pa-
rameterization of the latent factor as opposed to B»..::E_v.~ Bmm:.&oSm::m
the observed scores as is done in the MLM. This parameterization allows for
the simultaneous estimation of both the within- and between-person effects
based solely on the inclusion of the raw-scaled .H..<n. = Iy i
We present this final model in diagrammatic form in Figure 9.3. M
fitted this model to our artificially generated 1,000 datasets of N=250 an
obtained a mean within-person effect of ~.25 (SD= .@wmv and a mean be-
tween-person effect of .759 (SD = .154); sce Model 4 in Table 9.2 for com-

Figure 9.3 Final strucwral cquation modcl for disaggregating im.._,;:.v.n_.m...: (de-
noted 7,) and between-person (denoted 7,) effects of the TVC on the criterion.
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plete nmmc_a. Importantly, note that the between effect is captured in the
regression of the intercept factor for the outcome on the intercept factor
mow. the TVCs. The within-person effect remains unchanged from before;
this result was expected given that we are simply person-mean nm:::.m:m.
the TVCs through the parameterization of the model as opposed to manu-
ally nﬁnc_mnnm these outside of the analysis. However, the between-person
mm.mna is .&Boma identical to the population-generating parameter that con-
siders §m.E=._un_.mo= variability around the person-specific mean. Further-
more, this obtained estimate is nearly 65% larger than that obtained from
the MLM mmnmuwﬁn of the within-person effect obtained that ignore within-
person gmc-:? This finding is directly consistent with expectations given
that m.mav__zm variability in a predictor tends to negatively bias associated re-
gression nonmmnmmna (Ludtke et al., 2008). Because we have disaggregated
true score variance and sampling variance, the between-person effect has
been subsequently disattenuated for sampling variability and is thus a more
accurate estimate of the corresponding population effect.
This brings us to our sixth and final observation:

3&. within-person and between-person effects of the TVC can be simultaneous-
by disaggregated through the alternative parameterization of the SEM, and the
&agno.e_.%sg effect has been disattenuated by corvecting for within-person
sampling variability in the estimation of the person-mean.

CONCLUSION

We =m<m.nxv._o_.na a large number of topics with the goal of highlighting
five specific issues related to the disaggregation of within-person and be-
tween-person effects in TVC growth models.

1. A multilevel model estimated with an uncentered TVC and no person-
i u_.wnn.mmn mean at level 2 will result in an aggregation of between- and
within-person effects. Inclusion of the person-specific mean centered
.H..<O at level 1 and the person-mean of the TVC at level 2 will result in
direct estimates of the within- and between person effects, respectively.
However, the between-person effect is attenuated due to the violated
assumption of perfect reliability of the person-specific mean.

2. Astandard SEM estimated under ML with a person-specific mean-
centered TVC is not estimable due to the singularity of the covari-
ance matrix, regardless of whether the person-specific means are
included. Thus neither a within-person nor between-person effect

can be obtained from inclusion of the person-specifi
TVC in the SEM. p pecific mean-centered
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3. Astandard SEM estimated with an uncentered TVC and no person-
specific mean will result in a direct estimate of the within-person
effect. Inclusion of the person-specific mean as a predictor of the
intercept factor yields a model that is not estimable due to the singu-
larity of the covariance matrix. Thus no between-person eftect can
be directly obtained from the SEM that only includes the uncen-
tered TVC.

4. The between-person effect can be analytically computed based on
the weighted combination of parameter estimates obtained from the
standard SEM estimated with the uncentered TVC. This between-
person effect is not attenuated given that the calculation docs not
rely on the inclusion of the person-specific mean.

5. An SEM estimated with an uncentered TVC and (a) a latent inter-
cept factor estimated for the TVC, (b) the latent intercept of the
outcome regressed on the latent intercept of the TVC, and (c) the
repeated measures of the outcome regressed directly on the residu-
als of the TVC will result in direct estimates of hoth the between- and
within-person effects. These estimates are unbiased and the between-
person effect has been disattenuated for within-person sampling
variability around the person-specific mean.

We have presented no novel developments in terms of the traditional
methods used to disaggregate within-and between-person effects within the
multilevel model. However, we believe that much less attention has been
paid to the attenuating effects of estimating the between-person effect us-
ing the person-specific mean related to the omission of information about
within-person variability among the set of TVCs (but see Ladtke et al., 2008,
for a discussion of the related topic of individuals nested within groups).
More importantly, we arc aware of no prior discussions of the many issues
that are encountered when attempting to disaggregate effects within the
SEM. Indeed, we were unable to identify a single published instance in
which a TVC effect within the SEM was interpreted explicitly in terms of
within-person effects; nor were we able to identify any prior discussions of
estimating a between-person effect of a TVC within the SEM. This includes
our own joint collection of work on this topic. As such, much potentially im-
portant information is omitted from these models and results are routinely
imprecisely interpreted.

Yet, as we demonstrated above, obtaining a direct estimate of the be-
tween-person effect in the SEM is not a trivial issue. We cannot use a person-
centered TVC because a singularity arises from the ipsative nature of this
measure. And we cannot include the person-specific mean as a predictor
because a singularity arises from the inclusion of the mean with the TVCs in
the same covariance matrix.'* However, we can obtain these effects through
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the direct parameterization of the model in which a random intercept is
estimated for the TVCs themselves. This not only allows a method to obtain
a direct estimate of the between-person effect, but has the added advantage
of disaggregating true score variance from within-person sampling variance
and is obtained under a true maximum likelihood estimator. Furthermore,

once embedded within the SEM framework, many other modeling exten-
sions are possible.

UNRESOLVED ISSUES AND DIRECTIONS
FOR FUTURE RESEARCH

Although we believe we have been able to draw a number of general and
novel conclusions about the disaggregation of within- and between-person
effects in both the MM and SEM, there are several unresolved issues to bear
in mind. First, as we noted earlier, all of our above developments assume that
there is not systematic growth in the TVCs over time (Curran & Bauer, 2011).
This requirement holds for both the multilevel model using the person-
mean at level 2 and the SEM using a latent factor for the TVCs. The reason
for this requirement is clear: Deviating the TVCs around the person-mean as-
sumes that the TVCs are not changing systematically over time (e.g., Curran
& Bauer, 2011, Figure 9). If some form of a time trend underlies the TVCs,
then the person-mean deviated scores that omit this trend are inappropri-
ate. If this situation exists, more complex multivariate models are needed
(e.g., Curran & Bollen, 2001; du Toit & Browne, 2001; MacCallum, Kim, Ma-
larkey, & Kiecolt-Glaser, 1997; McArdle & Hamagami, 2001). Further work is
needed to better understand precisely how the between- and within-person
effects are being manifested within these more complex multivariate models.
Second, we have explored the issues of disaggregation only with respect
to continuously distributed TVCs. However, normal distributions need not
be a requirement for disaggregation using our proposed methods; assum-
ing the TVCs approximate a continuous distribution, there are several well-
developed estimation methods that circumvent the traditional assumption
of multivariate normality (or, more precisely, no excessive kurtosis; Browne,
1984) invoked by normal theory ML (e.g., Satorra, 1990). Furthermore,
no additional issues arise if the criterion measure is discretely scaled, and
all of our developments would generalize to nonlinear link functions and
alternative response distributions. However, several intriguing issues arise
when the TVC itself is discretely scaled, and particularly when it is dichot-
omous. For example, the person-mean of the dichotomous TVC repre-
sents the proportion of total assessments in which the item was endorsed,
and the person-mean-centered TVC would rescale the 0 or 1 around this
person-mean. Furthermore, fitting a latent factor to a set of dichotomous
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indicators requires moving to a nonlinear SEM, thus resulting in a much
more complicated model (e.g., Flora & Curran, wo@& ansu. Zam_r.w~ & Em.w.
2004). Indeed, we typically cannot directly access time-specific residuals in
an SEM with discrete dependent measures, yet this is a key component of
our proposed latent variable model for the TVC (e.g., Figure 9.3). >m mcn?.
our general conclusions are primarily restricted to the case of continuously
(though not necessarily normally) distributed .H.<n.um. There are thusa num-
ber of promising areas for future research both in terms of more precise
substantive predictions about the exact nature of individual change as well
as the development of new statistical models to capture such change.

It has long been known that there are a large number ..um advantages to
the collection and analysis of repeated-measures data over time. >¢§=Sm2
include increased power, greater ability to study the vm«.nroann.mn proper-
ties of measures, and the direct examination of interindividual differences
in intraindividual change. However, as we all develop a better understand-
ing of these complex models of change, it is mzn_.mmmmzm_.w.wvvna._.: that one
of the most important advantages may well be the ability to Emwmm..nmwﬁm
the between- and within-person influences of a TVC on the outcome vari-
able. Indeed, such a disaggregation is of primary interest to most theories
of human behavior (e.g., Curran & Bauer, 2011; Molenaar, wook Molenaar
& Newell, 2011). Yet, at least in our opinion, insufficient w:n.zcm.z has been
paid to this disaggregation of effects both within the quantitative and sub-
stantive disciplines in the behavioral sciences. We hope that our work r.n_,n
has not only provided some unique insight into how .::.w disaggregation
of within- and between-person effects are manifested 59.5 the MLM and
the SEM but has also chartered several directions in which future ans.w_.
opments might proceed. These ongoing n:mzmﬁmﬁ. developments can in
turn goose us to further refine our substantive Eno.:mm so that we may U..%.
ter articulate precisely what type of change we posit when Bm_m_zm predic-
tions about trajectories of individual stability and change over time.

APPENDIX
Consider a true data generating model for a random intercept and slope

with a single time varying covariate; the measurement and structural equa-
tions are

¥i = Boi +Pritimey + 0z —Z) + €4 (9.A1)
Boi =g +(@+80)z + g, (9.A2)

Bii =pp +(w+3))z + (9.A3)
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M:n.—.n  is the i:::.vnnmoz effect, ® + §; is the between-person effect on
1c intercept, and @ + §, is the between-person effect on the slope and all

n_mnmmnmm:n&:prnaw::mnaH.ﬁ:nnna i i
e e v uced form expression of this pop-

Yu = Ho +Wgtime, + Lo, + g, + 0z, +€, (9.A4)

where v_.u =Up + 0z, ﬂn. = mc.N. +ﬁE ,and ﬁm. "m_N +h?.
Importantly, notice that

var(Lq,) = 8ivar(z,) + Yao (9.A5)
var(Gp,) = 8ivar(z ) + yg (9.A6)
cov(Gai,Gh ) = 8B \var(Z )+ Wap (9.A7)
cov(Ca,z) =dgvar(z) # 0 (9.A8)
cov(Gi,%) = Svar(z) # 0 (9.A9)

qimn_,o Vao = var(G,), Ve = var(ls,), and Wog = cov({y,,5p.). Based on this
information, we can derive estimates of 8, and §, that in turn allows us to

ohtain direct estimates of the between-pe i
e 2 person effects. Specifically, 8, can be

8, = Co¥:La)
var(z,)

+ M-u..u_ ﬂ°<AN= » ﬂ_ v
<N-.A.* Mw.n_n.. v

=.— *Mw.n_nORA.N:~ﬁM~.v
H {27 var(z,) + 7, cov(z,, 2, vv

(9.A10)

Following similar logic 8, can be computed as

m_ *MWH_GO<AN:.ﬂm.v

i m_u*Mw»_ var(z, )+ 3., cov(z, 2, vv (9.A11)

e

e i e L s iyt i
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As such, sample estimates of both of the contextual effects (i.e., we and w_ )
can be calculated using SEM results in equations 9.A10 and 9.A11. Direct
estimates for the between-person effects can then be obtained by calculat-
ing ®+8, and @+9,. Standard delta method procedures can be used to
obtain an associated standard error for this compound parameter estimate.

To stress, we do not anticipate that the calculation of 8, and &, are likely
of use in practice; we show these to explicate precisely how the between-
and within-person effects can be analytically obtained from the SEM. We
recommend that the latent variable approach for the TVCs be used for
disaggregating effects in substantive applications.
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2. To maintain maximum generality we retain the crosslevel interaction be-
ween the person-specific mean and the measure of time, although in our
later simulations we fix this value to zero in order to unambiguously define
the main effect of the person-specific mean as the between effect.

3. Formally testing this hypothesis would make an excellent dissertation,

4. All population parameter values are presented in the final column of Ta-
ble 9.2 using SEM notation that is defined later in the chapter.

5. For simplification, we make the unrealistic assumption of no missing data.
However, this imposes no limitations on the developments we present here.
Indeed, we reestimated all models with 10% and 20% missing data under
MAR mechanisms, and as expected all key conclusions remained unchanged.

6. We include an estimate of the crosslevel interaction between the person-spe-
cific mean and time, although the value of this effect was fixed o zero in the
population.

7. Within the SEM the TVC can take on unique values across time by freely esti-
mating Yat each time point ¢; in the MLM the same effect can be obtained by
entering an interaction between the TVC and the measure of time.

8. It is also possible to grand mean center the TVCs within the SEM, and this

stratcgy offers certain interpretational advantages with respect to the latent

variable means. However, grand mean centering does not allow us to obtain
direct estimates of the within- and between-person effects of the TVC on the
outcome, so we do not pursue this further here.

Note that in some cases it might be passible to estimate two separate models,

one that contains just the TVC and one that contains Jjust the person-means.

The estimatcs of the within-and between-person effects can then be obtained

from each. However, this approach is statistically inefficient, is prone to ad- |

verse effects of model misspecification, and limits the estimation of more gen-

_eral models.

10. We can also define a compositional cffect for the linear slope component, but
here we focus on the more common main effect of the between effect of the
TVC predicting the random intercept; see the Appendix for a derivation of
the compositional effect for the slope component as well.

11. Here we are assuming that T'is constant for all individuals in the sample, but
the equations can be adjusted accordingly for unbalanced designs. |
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