KAREN S. LYONS

Oregon Health & Science University

ALINE G. SAYER  University of Massachusetts at Amherst*

Longitudinal Dyad Models in Family Research

Multilevel modeling allows for the simultaneous
analysis of data gathered at more than 1 unit of
analysis (e.g., children nested in schools). It is
often used to examine the effects of various con-
texts on individual differences in change. This
paper promotes the application of multilevel
models to longitudinal dyadic data in family
research. By focusing on the dyad as context, re-
searchers can examine within-dyad change and
begin to understand the interactive processes
that constitute the relationship between partners.
They can then frame questions about interdyad
differences in within-dyad change. We present
several longitudinal models that researchers can
use to examine the pattern of change within dy-
ads, assess heterogeneity in change across dy-
ads, and investigate cross-partner effects on
change. We comment on the implications of these
models for family research.

Multilevel modeling is a methodology that al-
lows for the simultaneous analysis of data gath-
ered at more than one unit of analysis (e.g.,
children in schools, individuals in families,
repeated assessments in individuals). Multilevel
modeling allows the researcher to examine the
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effects of various contexts and systems on indi-
vidual change, whether the context is construed
as a neighborhood, a school, a family, or a dyad.
As such, multilevel modeling is a complemen-
tary methodology to the many family theories
interested in nested data and cross-level effects
and has received growing attention in the field
(e.g., a special section in the Journal of Mar-
riage and Family, May 2002). The purpose of
this paper is to promote the application of multi-
level models to longitudinal dyadic data in
family research.

MULTILEVEL MODELING AND
FAMILY RESEARCH

Multilevel modeling has been used by family
researchers to examine individual-level change
including growth in children’s problem behav-
iors (Hussey & Guo, 2003) and health declines
in spouses of individuals with Parkinson’s
disease (Lyons, Stewart, Archbold, Carter, &
Perrin, 2004). It has also been applied to in-
vestigate contextual issues such as the effect
of family structure on adolescent drug use
(Hoffmann, 2002) and community effects on
parenting strategies (Simons et al., 2002). Fam-
ily theories also emphasize family as a context
for development through examining the interac-
tions and relationships among family members
(e.g., Bronfenbrenner’s Ecological Systems
Theory, Minuchin’s Family Systems Theory).
Recently, family researchers have adapted mul-
tilevel modeling to examine the context of a
particular family relationship, the marital dyad
(e.g., Bost, Cox, & Payne, 2002; Davey &
Szinovacz, 2004; Klute, Crouter, Sayer, &
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McHale, 2002). Multilevel modeling in dyadic
research permits the study of individual out-
comes such as depression and health within the
context of the dyadic relationship while control-
ling for the interdependency of scores among
dyad members. In addition, the effects of dyadic
characteristics such as marital satisfaction or
conflict, whether measured by individual part-
ner perceptions or third-party observations, on
individual outcomes can be assessed. By focus-
ing on the dyad as the unit of analysis, family
researchers can examine the relational character
of change within dyads and begin to understand
the interactive dynamic processes that constitute
the relationship (Thompson & Walker, 1982).

What types of research questions can be posed
using multilevel modeling? Family researchers
interested in the influence of chronic illness on
married couples often ask questions at both the
individual level and the couple level of analysis.
Individual-level questions might ask whether in-
dividuals who openly discuss disease symptoms
or disease progression are more likely to have
greater intimacy with their partner. Couple-level
questions might ask whether couples who are
more emotionally congruent are more likely to
agree about the occurrence of symptoms. Simi-
larly, multilevel modeling allows the researcher
to answer questions regarding cross-partner ef-
fects (e.g., are changes in husband depression
associated with changes in wife anger regarding
her breast cancer?) and the differential effects of
interventions at the individual (e.g., does one
member of the dyad fare better than the other?)
and couple level (e.g., does the intervention
increase emotional congruence in the dyad?). We
emphasize that multilevel modeling can address
these and similar questions not only cross-
sectionally but also longitudinally. We can pose
questions regarding dyadic change over time, for
example, as the disease progresses, do partners
become more or less congruent?

When used to examine organizational effects
(e.g., schools on children), multilevel modeling
assumes that all lower level units (i.e., children)
nested within the same upper level unit (i.e.,
school) are interchangeable. For the models we
present here, we assume that partners are not
interchangeable but can be distinguished from
one another on the basis of some status such as
marital role of husband and wife, family role of
brother and sister, or care role of patient and
care provider (see Gonzalez & Griffin, 1997;
Kurdek, 2003). When the multilevel model is
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written as a multivariate hierarchical linear
model, two dummy variables are included in
the Level 1 model to capture the distinction
in role. Barnett, Marshall, Raudenbush, and
Brennan (1993) used a version of this model to
examine gender differences in the relationship
between job quality and psychological distress
for 300 dual-earner couples. They parameter-
ized the model at Level 1 to include two indi-
cator variables, one for each partner. The
coefficients associated with these variables
become separate outcomes in the Level 2 model
that have been adjusted for both measurement
error and the correlation between the couple
outcome scores within each dyad. This model
took advantage of the matched-pairs design by
including as predictors variables measured on
both the individual and the couple. The effects
of these variables can often be confounded, for
example, individual and household income. For
example, traditional methodologies used in mar-
ital research examine men and women sepa-
rately, either ignoring the partnership or using
samples of nonpartnered people. Such method-
ologies may misinterpret differences resulting
from couple-level characteristics such as house-
hold income as gender differences. The ability
to examine the effects of both individual- and
dyad-level variables is an important advantage
of the multivariate outcomes model for dyads.

ADVANTAGES OF MULTILEVEL MODELING

Multilevel modeling for dyads extends multiple
regression to the case where the responses of
the members of the dyad are conceived as Level
1 units nested within the Level 2 unit, the dyad.
The model can be adapted to represent a cross-
sectional model for matched pairs (Barnett
et al., 1993) in which the dyad replaces the indi-
vidual as the unit of analysis. The model
described by Raudenbush, Brennan, and Barnett
(1995) is an amalgam of the cross-sectional
model for matched pairs and the longitudinal
model for individual change. The longitudinal
matched-pairs model is fit to the repeated as-
sessments of the outcome variables for both
members and compares patterns of change in
trajectories for both partners. This multivariate
model estimates a latent trajectory for each
member of the dyad that can differ in pattern
and magnitude across partners.

We refer the interested reader to Sayer and
Klute (2005) for a discussion of the advantages
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of using multilevel modeling for analyzing
cross-sectional dyads, including a comparison
with more traditional methods such as single-
partner assessments, sum scores, deviation
scores, and analysis of variance. Here, we point
out the additional advantages of using multi-
level modeling when estimating longitudinal
trajectory models for dyads. From a design
standpoint, the major within-dyad advantage is
that each partner can have a unique trajectory.
The trajectories can be specified to differ in pat-
tern (i.e., change can be linear for wives and
nonlinear for husbands) and magnitude (i.e., the
rate of change can be steeply negative for wives
and flat for husbands). Multilevel modeling al-
lows the incongruence of the average trajecto-
ries for each partner to be directly tested for
significant differences at the intercept (the pre-
dicted score at a specific occasion of measure-
ment), the slope (rate of change), or both using
a generalized multivariate hypothesis test. This
is not possible when trajectories are estimated
in separate models. A second advantage of this
model is that it controls for the autocorrelation
among the repeated measures as well as adjust-
ing the error variance for the interdependence of
partner outcomes within the same dyad. This
adjustment results in more accurate standard
errors and their associated hypothesis tests. A
third advantage of the model is that it allows for
unbalanced designs: There can be differences in
both the number and spacing of the times of
measurement across dyads. A fourth advantage
is that it allows for missing responses under the
assumption that the data are missing at random.
It is possible for only one member of the dyad
to contribute data or for the pattern of missing
responses to be different for each partner.
Although it has been 10 years since Barnett
et al. (1993) and Teachman, Carver, and Day
(1995) described multilevel dyad models, they
are still not widely adopted by family and mari-
tal researchers. Among researchers who have
used them, the emphasis has primarily been on
understanding gender differences in marital dy-
ads (Klute et al., 2002; Raudenbush et al., 1995;
Townsend, Miller, & Guo, 2001), actor-partner
effects in small groups (Kenny, 1996; Rayens
& Svavarsdottir, 2003), and cross-spouse effects
in retired couples (Davey, Fincham, Beach, &
Brody, 2001). We have used a variety of ways
to parameterize the model initially described by
Barnett et al. These include a cross-sectional dis-
crepancy model that examined dyad discrepancy
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in barriers to care and physical dependence in
a sample of 63 care dyads (Lyons, Zarit, Sayer,
& Whitlatch, 2002), a cross-sectional multivari-
ate outcomes model that examined gender dif-
ferences in parenting stress (Sayer & Klute,
2005) in a sample of 51 couples of children
with disabilities, and a longitudinal multivariate
outcomes model that examined the relationship
between changes in job quality and changes in
psychological distress over 3 years for 210 dual-
earner couples (Barnett, Raudenbush, Brennan,
Pleck, & Marshall, 1995). The present method-
ological paper extends this work by focusing on
longitudinal dyad models and moves beyond
the marital dyad to examine change in another
important family relationship, the family care
relationship.

THE LONGITUDINAL MULTIVARIATE
OUTCOMES MODEL

The multivariate outcomes model described by
Raudenbush et al. (1995) is an amalgam of the
cross-sectional model for matched pairs and the
longitudinal model for individual change. It is fit
to the repeated assessments of the outcome for
both partners in the dyad and, as noted previ-
ously, provides estimates of the average partner
trajectories as well as the heterogeneity across
dyads around the average trajectories. It differs
from analyses on separate samples of partners by
fitting the equations simultaneously and control-
ling for within-dyad dependence of observations.

Level I Model: Within-Dyad Model

The Level 1 or within-dyad model represents
the repeated measures for both dyad members
as functions of time (in this case, linear and qua-
dratic), plus a residual term r that captures mea-
surement error, or the time-specific error of
prediction. The variance of these measurement
errors is considered to be constant both within
and across dyads. For care dyads consisting of
a frail older person and a family member pro-
viding care, the model is written as follows:

Yfp :(OP) [Blp + BZP (LINIP) + B3p (QUAD,p)]
+ (FM) [Byp + Bsp (LIN;p)
+ Be, (QUAD,, )| + rp, (1)

where Y, represents the outcome score Y
(t =1, ... K responses per dyad and time of



Longitudinal Dyad Models in Family Research

measurement) for dyad p. OP is an indicator
variable taking on a value of 1 if the response
was obtained from an older person and O if the
response was obtained from a family member
providing care. FM is an indicator variable tak-
ing on a value of 1 if the response was obtained
from a family member providing care and 0O if
the response was obtained from an older person.
The brackets indicate that the coefficients and
variables are multiplied by the respective indi-
cator variable. Therefore, the first set of brackets
contains the latent growth parameters B, Bap,
and f3, (intercept, linear component, quadratic
component) characterizing the trajectory for the
older person; the second set contains the latent
growth parameters By, Bsp, and Bep, characteriz-
ing the trajectory for the family member. Thus,
each dyad has six coefficients (Bip, Bop, Bsps
Bap, Bsp, and Pep) that represent the true growth
parameters for the dyad. The r, are the within-
dyad residuals, also called the Level 1 random
effects. They are assumed to be normally dis-
tributed, with a mean of 0 and variance c~.

We note that the assumption of constant vari-
ance o~ is likely to be untenable in the repeated
measures case and should be evaluated with
a test of homogeneity of variance. The conven-
tional way to test this assumption is to fit
a model with an alternative structure for the
Level 1 error component, for example, hetero-
geneous variance that allows for estimation of
a different variance at each time point. A likeli-
hood ratio test that compares the deviance sta-
tistic of the alternative model against the fit of
the more restrictive model (i.e., homogeneous
variance) allows the researcher to evaluate the
tenability of the assumption of constant vari-
ance. If the alternative model provides a signifi-
cantly better fit to the data, researchers should
use this model in all further analyses to avoid mis-
specification of the Level 1 model (Raudenbush
& Bryk, 2002).

Unconditional Level 2 Model :
Between-Dyad Model

The Level 1 coefficients serve as outcomes at
Level 2. They are permitted to vary across all
Level 2 units (dyads) and can take on different
values for each dyad. The first step in any longi-
tudinal analysis is to fit an unconditional model
or a model that does not include any predictor
variable at Level 2. It is specified as follows:

Bip = Y10 T+ uip
Bop = Y20 +uzp
Bip = 130 T u3p
Bap = Va0 + ugp
Bsp = V50 + usp

Bep = Yoo T Uep

The unconditional between-dyad model pro-
vides estimates of the population averages for
each growth parameter for the older person (Yo,
Y20, and 7v3p) and for the family member (Y40,
Ys0, and Yep). These estimates are known as the
fixed effects in the model, and they represent
the means of the distribution of the respective
coefficients across dyads. The Level 2 random
effects up, Uzp, U3p, Usp, Usp, and ugp represent
the deviation of each dyad from the respective
population average growth parameter. The var-
iances of these random effects (tgg, T11, T2, Tass
Tss, Tes) can be estimated and represent the het-
erogeneity across dyads. It is possible to test
whether each variance is significantly different
from zero in the population. If any are, significant
variability exists across dyads, and predictors can
be introduced to explain this variability.

Conditional Level 2 Model:
Between-Dyad Model

The conditional Level 2 model introduces pre-
dictors to explain the variance in the trajectories
across dyads. The predictors can be variables
with common values for each dyad member
(e.g., the family member in the dyad can be
a spouse or an adult child) or those with unique
values for each partner (e.g., mental health). It
is specified as follows:

Bip = Y10 T [v1; Predictor; + ...y, Predictor,]
+ ulp (8)
Bap = Ya0 T [Y21 Predictor; + ...y,, Predictor,]

+ Uzp (9)

Bsp = Y30 T [v31 Predictor; + ...y3, Predictor,]
+ug, (10)
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Bap = Yao + [V4) Predictor; + ...y, Predictor,]
+ 114p (1 1)

Bsp = Yso + [Vs) Predictor; + ...ys, Predictor,]
+ Usp (12)

Bep = Yoo T [Ye1 Predictor; + ...yq, Predictor,]
+ ugp (13)

The conditional between-dyad model pro-
vides estimates of the population averages for
each growth parameter for the older person (Yo,
Y20, and 7y30) and for the family member (7y40,
Y50, and Yeo) adjusted for the effects of the pre-
dictors in each equation. The fixed effects of
each predictor are captured by the respective
regression coefficient y and represent the rela-
tionship between each predictor and the respec-
tive growth parameter. The Level 2 random
effects uyp, Usp, Usp, Ugp, Usp, and ue, NOW repre-
sent the conditional deviation of each dyad from
the respective population average growth
parameter or the unexplained residual variance
in each parameter.

DATA EXAMPLE

The above models are illustrated using three
waves of data from 74 care dyads drawn from
a larger study in a northwestern U.S. city. Care
dyads consisted of a frail older person in receipt
of standard home health and a family member
providing care to that older person. Thus, the
members of the care dyad have distinguishable
roles. For this paper, we examine the effect of
the family member’s mental health and type of
dyad relationship (marital, where the family
member was a spouse, or parent-child, where
the family member was an adult child) on
change in the positive quality of the care rela-
tionship (mutuality).

The variable mutuality is measured by a 15-
item scale developed by Archbold and Stewart.
Both the older person and family member
respond to items about their relationship with
each other, using a Likert scale anchored at
0 (not at all) and 4 (a great deal). Individuals
receiving high scores on this scale report that
their relationship with the other is characterized
by reciprocity, love, pleasurable activities, and
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shared values, whereas individuals receiving
low scores report that their relationship with the
other is not characterized by these qualities. The
Mutuality Scale has exhibited high Cronbach’s
alpha values (.91-.95) in studies of family care
(Archbold, Stewart, Greenlick, & Harvath, 1990;
Carter et al., 1998). The Mutuality Scale was
administered three times at 5-month intervals.

Family member’s mental health is measured
at baseline using the mental component sum-
mary score from the Medical Outcomes Study
36 Item Short Form Health Survey (Ware &
Gandek, 1998). Higher numbers indicate better
mental health (range of 0-100). The summary
scale has undergone extensive psychometric
testing and demonstrated good reliability and
validity (Kane & Kane, 2000; Ware & Gandek).
Type of family dyad is coded 1 for marital
dyads and 0 for parent-child dyads. Marital
dyads made up 57% of the sample of dyads
presented here.

RESULTS

Level 1 Model: Within-Dyad Model

A number of computer programs are available
to fit the multilevel model, including MLwiN,
LISREL, SAS PROC MIXED, and HLM. We
used maximum likelihood via the HLM6 pro-
gram of Raudenbush, Bryk, and Congdon (2004)
to estimate the parameters of the Level 1 and
Level 2 models.

In a traditional individual growth curve model,
it is customary to estimate a trajectory with one
fewer the number of model coefficients than
waves of data. The additional degree of freedom
is required to estimate the within-subject mea-
surement error variance (Bamett et al., 1993;
Raudenbush et al., 1995). In a multivariate dyad
model, there are alternative approaches to esti-
mating this measurement error variance if the
researcher wants to fit a model with as many pa-
rameters as occasions of measurement. In our
example, we wanted to estimate a model with
three coefficients (either a quadratic model or
a linear model that includes a time-varying cova-
riate) to three waves of data. The first strategy
involves weighting the outcome by its reliability.
The researcher provides information to the pro-
gram about the measurement error variance (ob-
tained from sources external to the program), and
the program then computes a precision weight
(the inverse of the measurement error) in order
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to weight the outcomes by their reliability. A
weighted analysis is carried out rather than have
the program estimate the error variance from the
data, thus saving a degree of freedom. The sec-
ond method involves the creation of two parallel
scales for each member of the dyad for each
wave of data, an approach originally suggested
by Barnett et al. First, item pairs are formed by
matching the items on their standard deviations.
Then, one item from each pair is randomly as-
signed to Scale A and the other to Scale B. This
procedure results in two parallel scales approxi-
mately equal in reliability and variance. The
additional information provided by the parallel
scales permits the program to estimate the mea-
surement error variance.

An example of the data structure for one dyad
using the parallel-scales approach is shown in
Table 1. We created two scales using seven
items each. Thus, there were 12 observations
for a dyad with complete data, Mutuality Scale
A and Mutuality Scale B, for each of three
waves, for each member of the dyad.

Table 1 is the data record for the first dyad.
The first column contains the dyad’s ID num-
ber. The second column contains the outcome
(mutuality score) with two responses at each
time point representing the scores on the two
parallel scales. The third and fourth columns
contain two dummy variables that represent
Older Person and Family Member. If Older
Person takes on a value of 1, it denotes that the
mutuality response was contributed by that
member of the dyad. If Family Member takes
on a value of 1, it denotes that the mutuality
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response was assessed on the family member.
We note that the first six mutuality values are
assessed on the older person and the last six on
the family member. The fifth and sixth columns
are labeled Older Person Linear and Family
Member Linear and denote the linear time val-
ues for both the older person and family mem-
ber. Typically, the original recorded value of
time is rescaled in multilevel modeling to facili-
tate interpretation of the intercept in the trajec-
tory. The intercept is the predicted value of the
outcome when time is equal to O or at the origin.
By subtracting a known constant from the origi-
nal time values, we can give a substantively
meaningful value to the intercept. The decision
on where to place the origin has important im-
plications for interpretation of the growth curve
trajectory parameters and should be weighed
carefully. (For a fuller discussion of this topic,
see Biesanz, Deeb-Sossa, Papadakis, Bollen, &
Curran, 2004.) In this example, we subtracted 1
from each time value so that the intercept (when
time is equal to 0) is at the initial or baseline
assessment. The value 1 indicates the next occa-
sion of measurement, which occurred 5 months
after the onset of the study, and the value 2 indi-
cates the final assessment point, which occurred
10 months after study inception. Thus, a one-
unit change in time represents a 5-month inter-
val. Finally, the seventh and eighth columns are
labeled Older Person Quadratic and Family
Member Quadratic and denote the quadratic
values for both the older person and family
member, which are computed by squaring the
linear values.

TABLE 1. LEVEL 1 RECORD FOR ONE CARE DYAD

Care Dyad Older Family Older Person Family Member ~ Older Person Family Member
D Mutuality Person Member Linear Linear Quadratic Quadratic
513 3.14 1 0 0 0 0 0

513 3.00 1 0 0 0 0 0

513 3.14 1 0 1 0 1 0

513 3.00 1 0 1 0 1 0

513 3.43 1 0 2 0 4 0

513 3.43 1 0 2 0 4 0

513 2.00 0 1 0 0 0 0

513 2.57 0 1 0 0 0 0

513 2.00 0 1 0 1 0 1

513 2.14 0 1 0 1 0 1

513 2.57 0 1 0 2 0 4

513 2.86 0 1 0 2 0 4
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The underlying form of change for many
social phenomena is often unknown. Theory
and previous research can sometimes shed light
on the expected pattern of change, but typically
an empirical approach is taken by estimating
competing models (e.g., linear and quadratic)
and comparing the fit to the data. Previous
research consistently shows that mutuality de-
clines over time (e.g., Aneshensel, Pearlin,
Mullan, Zarit, & Whitlatch, 1995; Carter &
Nutt, 1998; Carter et al., 1998), but whether the
pattern of decline is linear or curvilinear is not
known. We estimated both a linear model and
a quadratic model and compared their deviance
statistics. The change in the deviance statistic is
distributed as * and can be tested relative to
the change in the degrees of freedom. We found
the quadratic model to be a significantly better
fit to the data (x> = 65.74, df = 13, p < .001).

Unconditional Level 2 Model:
Between-Dyad Model

Fixed effects. Columns 1 through 4 of Table 2
present the maximum likelihood estimates of
the fixed effects and their associated standard
errors for the unconditional model. Older per-
sons rated mutuality higher at baseline com-

Journal of Marriage and Family

pared to family members (Yo = 3.46 vs. Y40 =
2.97). There was evidence of a significant nega-
tive linear slope for family members over the
10-month period (yso = —0.17, p < .05). There
was no significant linear trend for older persons
(720 = —0.07, p > .05) nor were the mean qua-
dratic effects significantly different from zero
for either care partner.

A multivariate hypothesis test revealed a sig-
nificant difference between the average trajec-
tories for older persons and family members
(x*> = 41.03, df = 3, p < .001). The trajectories
are plotted in Figure 1.

Random effects. Columns 1 through 6 of
Table 3 contain estimates of the variance com-
ponents for the unconditional model.

The associated % tests indicated that for each
component, we reject the null hypothesis that the
variance is zero in the population. There is signif-
icant heterogeneity around the average score for
all growth parameters (intercept, linear slope, and
quadratic slope) for both members of the dyad.

Our unconditional model provides estimates
of the reliabilities of each growth parameter (for
older persons, intercept = .87, linear compo-
nent = .70, and quadratic component = .70; for
family members, the respective estimates were

TABLE 2. MULTILEVEL MODEL FIXED-EFFECT RESULTS PREDICTING OLDER PERSONS’ AND FAMILY
MEMBERS’ MUTUALITY OVER TIME FROM DYAD TYPE AND FAMILY MEMBERS’ MENTAL
HEALTH AT BASELINE USING FULL MAXIMUM LIKELIHOOD ESTIMATION (N = 74 DYADS)

Unconditional Model

Conditional Model

Older Persons

Family Members

Older Persons Family Members

Model Coefficient SE Coefficient SE Coefficient SE Coefficient SE
Intercept 3467 0.06 2,97k 0.08 3.54%%k 0.09 2772k 0.11
Dyad type* —0.14 0.12 0.43%%* 0.16
Family member mental health® 0.01* 0.00 0.01* 0.00
Linear slope —0.07 0.10 —0.17* 0.08 —0.17 0.16 —0.32%%* 0.12
Dyad type 0.18 0.22 0.26 0.17
Family member mental health —0.01 0.01 —0.01 0.01
Quadratic slope —0.01 0.05 0.05 0.04 0.02 0.08 0.11 0.07
Dyad type —0.04 0.11 —0.11 0.08
Family member mental health 0.01 0.01 —0.01 0.02
Estimated parameters 28 40

Deviance statistic 757.26 719.79

x> 37 47

Note: Unstandardized coefficients are shown.

1 = marital dyad and 0 = adult child—parent dyad. *Lower numbers reflect poorer mental health.

p <05, % < 01, FEp < 001,
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FIGURE 1. AVERAGE MUTUALITY TRAJECTORIES FOR
OLDER PERSONS AND FAMILY MEMBERS OVER
10-MONTH PERIOD (N = 74 DYADS). HIGHER
SCORES INDICATE GREATER MUTUALITY WITH A
POSSIBLE RANGE OF 0-4.

4 — = Older Person

—— Family Member

3.5

—_—
—_—
—_—
—_—
—_—

MUTUALITY 3 —

2.5

Baseline 10 Months

MONTHS

94, 51, and .54). These reliabilities can be
thought of as a signal-to-noise ratio and repre-
sent the degree of systematic variance in each
parameter. The reliability estimates are quite
high and will boost our power to detect associa-
tions between selected predictors and growth in
mutuality. The reliability estimates are closely
related to the variance within and between dyads.
For instance, by estimating an intercept-only
model, we can estimate the proportion of the var-
iance between dyads. This is given by the intra-
class correlation p = Tpo/(Too + o?), where Tqq is
the variance in average mutuality (pooled across
the three occasions of measurement) and o’
is the Level 1 sampling variance. In our example,
the estimate of the intraclass correlation is 63%,
indicating that there is more variation between
dyads than within dyads. To determine the reli-
ability estimates for the intercept, the intraclass
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correlation is adjusted for dyad size using the
formula A; = too/[Too + (5°/nj)], where nj repre-
sents the number of responses within each dyad.
Averaging across the reliabilities estimated for
each dyad provides a summary of reliability for
each growth parameter estimate for the sample of
dyads. Reliability estimates are close to 1
when the parameter intercepts vary substantially
across dyads (Raudenbush & Bryk, 2002). We
note that the reliability formula is adjusted for the
number and spacing of the waves of data when
estimating the reliability of the slope and quadra-
tic parameters rather than for the number of
responses per dyad.

Table4 presents the matrix of correlations
among the Level 2 random effects, the variance
components. The variances (and covariances) of
the coefficients that constitute the growth trajec-
tories can be obtained from the unconditional
model, where the residual variance is inter-
preted as the degree of heterogeneity around the
average growth parameter. Notable correlations
are those that represent the extent of shared
variance in the outcomes for members of the
dyad. The correlation between older person and
family member is .34 for the intercept, —.13 for
linear change, and —.18 for quadratic change.
These estimates indicate moderate shared vari-
ance and provide support for our decision to use
a multilevel model.

Conditional Level 2 Model: Explaining
Variation in Growth Parameters

A conditional model adds predictors at Level 2
to explain the heterogeneity in change across
dyads. A conditional model that includes the
predictors for type of dyad (DYADTYPE)

TABLE 3. MULTILEVEL MODEL RANDOM-EFFECT RESULTS FOR UNCONDITIONAL AND CONDITIONAL LEVEL 2 MODELS
USING FULL MAXIMUM LIKELIHOOD ESTIMATION (N = 74 DYADS)

Unconditional Model

Conditional Model

Older Persons

Family Members

Older Persons Family Members

Variance Variance Variance Variance
Model Component df x> Component df x Component df x> Component df 1
Intercept 0.21 50 294.6%** 0.48 50 834.7%%* 0.19 48 270.2%%*%* 0.36 48 T712.3%%*
Linear slope 0.49 50 153.4%** 0.20 50 112.5%%** 0.44 48 151.8%%*%* 0.18 48 109.1%#%*
Quadratic slope 0.11 50 170.9%** 0.05 50 115.9%** 0.11 48 171.6%** 0.05 48 112.9%%**

Level 1 residual 0.06

0.06

p < .05, #p < 01 #¥p < 001.
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TABLE4. MULTILEVEL MODEL RANDOM-EFFECT RESULTS FOR
UNCONDITIONAL MODEL: TAU CORRELATIONS (N = 74 DYADS)

Variables 1 3 4 5 6
1. Family member intercept —

2. Older person intercept 34

3. Family member linear slope —.13 —

4. Older person linear slope -.25 —.13 —

5. Family member quadratic slope .07 —.94 17 —

6. Older person quadratic slope 25 .19 —-.91 —.18 —

Note: As standard errors are not estimated for these correlations, they are interpreted in a descriptive manner.

and family member’s mental health (FM-
MENTALHLTH) takes the following form:

Bip = Y10+ v11 DYADTYPE,
+ v;» FM-MENTALHLTH,, + uy,
(14)
B2p =720 + v21 DYADTYPE,
+ v, FM-MENTALHLTH, + uy,
(15)
Bsp = v30 T 131 DYADTYPE,
+v3, FM-MENTALHLTH, + u3,
(16)
Bap = Va0 T Y41 DYADTYPE,
+v4 FM-MENTALHLTH, + ug,
(17)
Bsp = vs0 T vs1 DYADTYPE,
+vs, FM-MENTALHLTH, + us,
(18)
Bsp = Yeo T Y1 DYADTYPE,
+vso FM-MENTALHLTH, + ugp
(19)
In this model, the effect of family member’s

baseline mental health is captured by the coeffi-
cients Y12, Y22, Y32, Y42, V52, and Y62, controlling
for the effect of type of dyad. This model in-
cludes variables with common values for both
members of the dyad (type of family dyad) and
specific to the family member (family member’s
mental health). It also examines a cross-care part-
ner effect represented by yi,, Y20, and 3, (the

effects of the family member’s mental health on
the older person’s trajectory). This cross-care
partner effect is similar to the interpersonal cross-
spouse effect described by Davey et al. (2001) as
capturing a truly interpersonal or dyadic charac-
teristic. Such cross-care partner effects allow for
a more comprehensive examination of dyadic
processes and are often overlooked in dyad
research (Davey et al.).

The variables type of family dyad and family
member’s mental health were entered into the
Level 2 model simultaneously to examine their
association with the variation in family mem-
ber’s and older person’s trajectories of mutuality.
Inspection of Columns 5 through 8 in Table 2 in-
dicates that type of family dyad was significantly
associated with family member’s mutuality at
baseline (y4; = 0.43, p < .01). On average, fam-
ily members married to the older person had sig-
nificantly higher levels of mutuality at baseline
than family members caring for a parent, control-
ling for average family member’s mental health.
There was no significant effect of type of family
dyad on older person’s baseline mutuality. These
effects are displayed in Figure 2.

Family member’s mental health was not only
significantly associated with family member’s
mutuality at baseline (y4, = 0.01, p < .01) but
also showed a significant cross-partner effect
with older person’s mutuality at baseline (y;, =
0.01, p < .01). As higher scores indicate better
mental health, on average, the better the family
member’s mental health, the higher their own
mutuality and that of the older person for whom
they are caring.

Random effects. Columns 7 through 12 in
Table 3 contain the variance components for the
conditional model. It is possible to calculate the
percent of variance in each growth parameter
that is explained by the conditional model by
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subtracting the residual variance component in
the conditional model from the residual vari-
ance component in the unconditional model and
then converting to a percentage. For instance,
the model explains 25% of the variance in fam-
ily member’s mutuality at baseline ([0.48 —
0.36]/0.48 = 0.25). Overall, the two predictors
do a better job of explaining variance in the
family member’s trajectory as compared to the
older person’s trajectory, accounting for 25% of
the variance in family member’s mutuality at
baseline and 10% of the variance in the family
member’s linear slope. Variance in the qua-
dratic slope remained unchanged for both
family members and older persons.

Extensions of the Model

The multivariate outcomes dyad models pre-
sented in this paper can be extended to the case
of the triad or family under the assumption that
(a) family members have distinguishable roles
and (b) outcome data gathered from each mem-
ber are relational in nature (all individuals are
responding to the same scale or survey items). It
is likely that problems with data sparseness will
arise when extending the model to families
where the number of members varies across
families, that is, there will be very few large fam-
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ilies. In multilevel modeling, this is a question of
the robustness of the model to large amounts of
missing data. One strategy, conditional on the
research questions that the researcher wants to
investigate, would be to sample selected family
members so as to ensure that the same number is
included for each family.

These models can also be extended to exam-
ine truly contextual effects, for example, care
dyads nested within different communities, clin-
ics, or health care providers using a three-level
model. Finally, similar to the work by Barnett
et al. (1995) and Raudenbush et al. (1995), such
models can also include time-varying covariates
that capture the association between changes in
mental health and changes in mutuality over
time.

Implications for Family Research

The models illustrated in this paper demonstrate
the advantages of multilevel modeling over tra-
ditional dyad analyses in several ways. First,
the models examined the relational character of
change within dyads by comparing average tra-
jectories for both members while controlling for
the interdependency of the outcome scores.
Older persons had a significantly higher level of
mutuality over time, and family members

FIGURE 2. THE EFFECTS OF TYPE OF DYAD RELATIONSHIP (MARITAL DYAD VS. ADULT CHILD-PARENT DYAD) ON
AVERAGE MUTUALITY TRAJECTORIES FOR FAMILY MEMBERS AND OLDER PERSONS, CONTROLLING FOR
BASELINE FAMILY MEMBER’S MENTAL HEALTH (N = 74 DYADS). HIGHER SCORES INDICATE GREATER MUTUALITY
WITH A POSSIBLE RANGE OF 0-4 AND BETTER MENTAL HEALTH WITH A POSSIBLE RANGE OF 0-100.

4 -
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FAMILY |  T==———____
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showed a significant linear trend. Second, the
models allowed for differential patterns of pre-
diction across members of the dyad. We found
the type of relationship (marital vs. parent-child)
to be a significant predictor for family member’s
mutuality but not older person’s mutuality. Using
more complex models to explore differential pat-
terns of prediction can provide insight into
important dyadic processes. Third, the model
estimated the cross-care partner effects of mental
health. The mental health of the family member
at baseline was not only significantly associated
with how the family member perceived the care
relationship but also influenced the older per-
son’s perception of the care relationship. Such
cross-partner effects allow us to understand the
interactive and dynamic nature of the dyad rela-
tionship over time and its effects on both mem-
bers’ well-being.

In the past decade, multilevel modeling has
greatly enhanced family researchers’ ability to
examine the contextual effects of communities
on individual development. The ability to model
such nested data has advanced both family sci-
ence and clinical work. We suggest that the
wider adoption of multilevel modeling to exam-
ine the context of both dyad and family will
advance family research in other ways. First,
multilevel modeling will make it possible to
model within-dyad (and within-family) varia-
tion and pose new questions about within-
family relationships. Researchers can begin to
examine the dynamics of the family context
over time and the differentiating effects of indi-
vidual roles within the same family. For exam-
ple, much family care research has been limited
to comparing the experiences of spouses and
adult children from separate families (e.g.,
Clyburn, Stones, Hadjistavropoulos, & Tuokko,
2000; Lawrence, Tennstedt, & Assmann, 1998;
Semple, 1992; Yates, Tennstedt, & Chang,
1999). The ability to compare the family experi-
ences and health outcomes of spouses and adult
children within the same family unit, however,
will shed important light on these distinct fam-
ily roles in the context of severe illness.

Second, multilevel modeling will change the
way we evaluate both individual and family in-
terventions (Lyons & Sayer, 2005). Multilevel
modeling allows us to evaluate the effects of
both individual- and family-targeted interven-
tions for a more complete understanding of their
costs and benefits at both levels. By examining
the effects of an intervention on a dyad or fam-
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ily, we can begin to see not only whether the
intervention is successful for the target individ-
ual but also for other family members. It is pos-
sible that individually targeted interventions
may have benefits for all members, be detrimen-
tal for all or none, or have little or no effect for
all or none. We can also investigate whether the
intervention has any effect on a family as
a whole, such as decreasing the discrepancy
among members.

Those readers interested in further discussion
of the role of multilevel modeling in evaluating
the differential effects of interventions on dyads
and individuals are referred to Lyons and Sayer
(2005). Multilevel dyad models parameterized
to directly predict variation around dyad dis-
crepancy are described by Lyons et al. (2002)
and Sayer and Klute (2005).

CONCLUSION

Until recently, researchers have had few statisti-
cal tools to examine how individuals interact in
dyadic and family relationships and how such
families are affected by life transitions such as
a severe illness of one member. Such questions
are multilevel in nature, involving more than
one unit of analysis, and methods that fail to
address the hierarchical nature of families con-
sequently fail to illuminate variation both within
and between family processes. For research that
is truly interested in the dyad or family unit as
a context, and the nature of the processes and
interactions that make up that context, multi-
level modeling is an appropriate and powerful
methodology. We hope the examples presented
in this paper begin to demonstrate the potential
of multilevel modeling to advance the fields of
family and marital research.
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