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Models for Dyadic Data

Humans are social animals, and most human experience unfolds in a social context.
Indeed, many of the problems addressed in clinical psychology can only be understood by taking
into consideration the interdependence of two (or more) people within their social system. For
example, social anxiety, depression, violence and aggression, psychopathic and narcissistic
behaviors, eating disorders, and marital satisfaction, are manifest in and shaped by the social
context in which they exists (Girard et al., 2017; Sharra & Wishman, 2013). Clinical
interventions for childhood and developmental problems typically require working with the
child’s social environment, including teachers, parents, and other people who shape the daily

lives of children.

The most basic social system is that of two individuals, or a dyad. Despite its simplicity,
many forms of complex social interactions take place in the context of an interactive dyadic
system—for example, the bond between a child and her mother, a romantic relationship between
two partners, or the relationship between a patient and therapist. In this chapter, we describe
models for analyzing data from such dyadic systems. This chapter begins by defining key
characteristics of dyadic systems and then identifies clinical research questions related to dyadic
systems and processes that unfold over time. We use these questions to select models and

illustrate data analytic techniques.

Why do we need models for dyadic data?

The key statistical concept underpinning dyadic research is non-independence. This term
means that the members of a dyad are associated in such a way that the assumption of
independence in standard analyses does not hold (Kenny, 1996; Kenny & Judd, 1986; Kenny,

Kashy, & Cook, 2006). Other terms such as interdependence (Gonzalez & Griffin, 1997;
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Thorson, West, & Mendes, 2017) or linked scores (Kenny et al., 2006) are used to refer to the
same broad idea. Non-independence can be understood from both a conceptual and a statistical
standpoint. Conceptually, non-independence means that the behavior of one unit in a dyadic
system is best explained by also taking into consideration the behavior of the other unit. For
example, the meaning of a six-month old baby’s crying or gazing at his caregiver is not fully
grasped unless also observing the concurrent behavior of his caregiver (e.g., smiling back to the
child, feeding him, soothing him). Likewise, the caregiver’s behavior is better explained—and
might be understood only—by also observing the child’s behavior. Similarly, an individual’s
adherence to, and progress in, therapy can only be understood in the context of her interactions

with the therapist.

From a statistical standpoint, non-independence manifests in a non-zero correlation
between the scores of the dyad members. The requirement for independent observations is one of
the key assumptions for ANOVAs, t-tests, linear regression, and other models based in the
general linear model; in the case of correlated data from two members of a dyad, the
independence assumption is violated. Consequently, these models cannot be used for analyzing
dyadic data because the corresponding inferential statistics (T, F or regression coefficients) have
biased standard errors and decreased degrees of freedom, leading to either too conservative or
too liberal significance tests. This, in turn, leads to higher rates of Type 1 and Type 2 error

(Kenny et al., 2006).

In our description of models, we refer to specifications that pertain to distinguishable
dyads. A dyad is distinguishable or nonexchangeable when there is at least one variable that
allow establishing differences between the members (Gonzalez & Griffin, 1997; Kenny et al.,

2006). For example, heterosexual couples are potentially distinguishable because one can
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measure differences between men and women. Different age siblings or therapist-client dyads
are also distinguishable (Bolger & Laurenceau, 2013). In contrast, same-sex couples or twins are
indistinguishable if there is no clear factor establishing a difference between the members of the
dyad. Although this distinction is not necessary, some researchers have used structural equation
models for distinguishable dyads, and multilevel models for indistinguishable dyads (Nestler,
Grimm, & Schonbrodt, 2015). However, this is not always the case (e.g., Baucom et al., 2015).
Methods for evaluating distinguishability are beyond the scope of this chapter and are available
in the literature (Gonzalez & Griffin, 1997; Kenny, Kashy, & Bolger, 1998; Ledermann &

Macho, 2014).

Key research questions in clinical psychology related to dyadic systems:
Outcomes vs. process research

Understanding modeling approaches for dyadic data, or any other data, requires a context
in which research questions can be stated and models selected accordingly. In clinical
psychology, one possible framework is to outline questions about dyadic systems that distinguish
between outcomes of a process and the process itself. One example of clinical research in dyads
focused on outcomes would be a study of the characteristics of a counselor that are associated
with client’s perceived working alliance (Kivlighan, Clements, Blake, Arnzen, & Brady, 1993).
One example of research focused on processes would be a study examining how the counselor’s
behavior and the client’s perception of working alliance change over time. Here, the study would
focus on understanding how the two trajectories can be described, whether or not they are

related, and what factors can explain different features of the change.

In the next section, we illustrate a number of clinical research questions that can be

considered as related to outcomes, and describe a statistical model typically used to address
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them. In the following section, we illustrate a variety of questions focused on processes, and
describe statistical models that can be used to address them. Table 1 provides a list of the models
covered in this chapter, examples of research questions addressed by each them, and data

features suited to such models.

INSERT TABLE 1 HERE

Importantly, the models we describe below may be used flexibly to study dyadic
outcomes and processes ranging from laboratory-based psychophysiological investigations to
prospective epidemiological studies. Moreover, such processes — and potential changes in the
processes — can operate at multiple levels, in multiple dimensions, and multiple time metrics

(e.g., minutes, days, years).

Models for studying outcomes

Studies focusing on outcomes typically have either cross-sectional or pre-post designs. In
the first case, all the variables are measured at a single occasion. In the second case, dyadic
change in the relevant variables (e.g., symptoms) is measured before and after an intervention.
Ideally, these two measures are taken as part of a randomized control trial, so the difference in
the change of control and treated group can be attributed to the intervention. Regardless of the
specific research design and question, these pre-post studies also take an outcomes approach,
largely because they focus on whether the intervention is associated with differences in the total

amount of change in the outcome variable.

In both cases, the research takes an outcomes approach because the goal is to explain
individual differences in the outcome variable of interest by exploring its associations with one

or more of covariates and predictors, without characterizing the processes that led to that
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outcome or investigating how those associations unfolded over time. Some other examples of
questions focusing on outcomes in cross-sectional studies are include: What type of spouse
support is associated with higher marital satisfaction in patients with cancer (Hagedoorn et al.,
2000)? What features of the family’s environment and expressed emotion help explaining
inpatients’ eating disorders (Medina-Pradas, Navarro, Lopez, Grau, & Obiols, 2011)? Is
expressed emotion of parent and child related to child obsessive—compulsive disorder symptoms
(Przeworski et al., 2012)? All of these studies are dyadic in nature because the outcome variable
(marital satisfaction, therapy working alliance, eating disorders, etc.) is part of a system of inter-
connected constructs, and evaluating the association between those constructs requires gathering

information about both members in the dyad.

Some examples of questions from pre-post studies are: In couple therapy, what styles of
couple alliance predict couple outcomes (Anker, Owen, Duncan, & Sparks, 2010)? What coping
strategies protect infertile couples from depression over a failed insemination attempt (Berghuis
& Stanton, 2002)? What characteristics of counselor and client are associated with
psychotherapy working alliance (Kivlighan, Marmarosh, & Hilsenroth, 2014)? When treating
children with social anxiety problems, under what conditions is it beneficial to involve their
parents in therapy (Garcia-Lopez, Diaz-Castela, Muela-Martinez, & Espinosa-Fernandez, 2014)?
Most of the clinical questions in a dyadic cross-sectional or pre-post studies are and can be
addressed with the Actor-Partner Interdependence Model, or APIM (Kenny et al., 2006), which

is described below.

The Actor-Partner Interdependence Model (APIM)



Estrada, Ferrer & Sbarra (in press). Models for Dyadic Data - 7

When studying dyadic systems, researchers focusing on outcomes often use the Actor-
Partner Interdependence Model (APIM; Kenny, 1996; Kenny et al., 2006). For example, in
couples with one member affected by cancer, Hagedoorn and collaborators (2000) applied the
model to study the extent to which marital satisfaction was explained by the adoption of a
supportive style termed active engagement by the non-affected partner (this style entails
engaging the patient in discussions, inquiring how the patient feels, asking about help and
information, and using other constructive problem solving methods). Here, we use this topic to
illustrate how the APIM can address questions about dyadic outcomes—although their study used

a more complex version of the model involving more, and slightly different, variables.

Figure 1 depicts the most basic form of an APIM for this research question. X represents
the active engagement of the caregiver, as perceived by the caregiver (Xc) and the patient (Xp).
Yc and Yp represent marital satisfaction of each member of the couple. The effect of each
individual’s perception on his or her own satisfaction is called actor effect (a), whereas the effect
on the partner’s satisfaction is called partner effect (p): ac and a, are the actor effects of the
caregiver’s and patient’s perceptions on their own marital satisfaction, whereas pp, and py are
the influences of each member of the dyad on their counterpart’s satisfaction. Two error terms,
evc and eyp, are typically included to account for the variance of the outcome variables that are

not explained by the actor or partner effects.

This model typically includes a covariance between Xc and Xp, and another covariance
between ey and ey,. The former accounts for the association between the initial states of both
elements of the dyad, often called compositional effects (Kenny et al., 2006). The latter accounts

for the relation between the final states that are not explained by the model.
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INSERT FIGURE 1 HERE

The APIM allows quantifying and comparing the interpersonal and intrapersonal effects
for both members of the dyads, and testing hypotheses about their statistical significance: Is the
patient’s satisfaction explained by the perception of partner’s active engagement? Is it explained
by the partner’s self-perception of active engagement? Which of these two has a greater
influence? One approach to evaluate hypotheses such as these is to constrain some of the model
parameters. This implies restricting the values that one or several parameters can take, and
evaluating whether model fit decreases as a consequence of such restriction. For example, to test
a hypothesis positing a symmetrical relation, one could constrain the two partner effects (p) to
have the same value. If one of the partners exerts a stronger influence than the other, the model
fit will be significantly degraded by this constraint, and the hypothesis of symmetrical relation
will be formally rejected. Similarly, if we hypothesize that the relationship is non-reciprocal, we
may constrain one of the partner effects to zero, while freely estimating the other, and evaluate
the increase of misfit through nested models comparison. Note that a cross-sectional design
without experimentation (i.e., an observational study) can only show relations among constructs

but provides no information about potential causal links between them.

The APIM can also be applied in pre-post designs. For example, Marmarosh and
colleagues studied the relation between the attachment style of therapists and clients at the
beginning of psychotherapy (predictive variable X) and the working alliance reported by each
one after 3 weeks (criterion variable Y) (Marmarosh et al., 2014). The interpretation of the actor
and partner effects is analog to the cross-sectional example detailed above, and similar
hypotheses could be tested formally. It is also possible to include more than one predictive

variable at time 1, so several actor and partner effects are evaluated. For example, Marmarosh
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and colleagues (2014) included two different attachment styles (avoidance and anxiety) for both
clients and therapists, plus the interaction between the styles of clients and therapists, resulting in
a more complex APIM. In their study, they found a negative interaction between therapists’ and
clients’ initial attachment styles, which significantly predicted later clients-perceived alliance:
the effect of therapists’ anxiety on clients-perceived alliance was different depending on whether
the clients themselves had high or low levels of anxiety. Applying a pre-post design ensures that
the predictive variable antecedes the outcome. However, a proper experimental design—with
random assignment to different conditions—would provide better evidence for attributing

causality.

If the same variables are measured at both occasions, the APIM described here is
equivalent to an auto-regressive cross-lagged model with two time points (Nestler et al., 2015).
The stability and cross-lagged coefficients are equivalent to the actor and partner effects,
respectively. In the context of psychotherapy, this model is sometimes termed a repeated
measures (RM) APIM (cf. Baucom, Dickenson, et al., 2015; Crowell et al., 2014; Perry et al.,
2017). Extending the model to further include additional occasions allows testing whether the
actor and partner effects can explain the longitudinal interrelations —i.e., whether the processes
are interdependent over time (Laurenceau & Bolger, 2005). This leads to an auto-regressive

model with more than two occasions. We describe these models later in the chapter.

APIMs can be used to address a number of different questions in clinical psychology.
Some examples involve health behavior in couples (Butterfield & Lewis, 2002; Franks,
Wendorf, Gonzalez, & Ketterer, 2004), attachment styles and relationship dependence on
behaviors under stress (Campbell, Simpson, Kashy, & Rholes, 2001), outcomes in couple’s

therapy (Cook & Snyder, 2005), relations among aggression, victimization, anxiety and
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depression in couples (Lawrence, Yoon, Langer, & Ro, 2009), and health-related quality of life
in children with cystic fibrosis and their caregivers (Driscoll, Schatschneider, McGinnity, &
Modi, 2012), among others. Lederman, Macho and Kenny (2011) provide a discussion on how

the APIM can be extended to account for mediation effects.

Models for studying processes

Dynamic processes in dyads

Whereas some studied focus on outcomes, other types of studies focus on psychological
processes as they unfold over time. We refer to this as process approach or process research (cf.
Goldfried, Greenberg, & Marmar, 1990; Kopta, Lueger, Saunders, & Howard, 1999;
Laurenceau, Hayes, & Feldman, 2007). In this approach, questions relate to change and its
underlying mechanisms. For example, Laurenceau et al. (2007) defined three sets of questions
relevant to change in psychotherapy. The first question pertains to the course —and shape- of
change, including: a) comparing the observed trajectory with the theoretically predicted pathway;
b) evaluating whether the individual trajectories are well represented by the group trajectory; c)
identifying sections of the trajectory with higher rates of change and studying what factors
explain them (e.g., some researchers have found periods of rapid improvement during depression
treatment, interspersed with periods of symptom stability or exacerbation. What variables
explain these periods?); and d) finding differences between responders and non-responders (e.g.,
did the non-responders show an improvement, but then returned to the initial level? How can this

pattern be explained?).

The second type of question that can be answered using a process approach relates to
moderators of change. Moderators may change the effect of the causal variables in the study. In

the context of psychotherapy, for example, client’s age and sex may differentially predict
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treatment development. Process research often focuses on identifying moderators that are
associated with changes of interest (e.g., Is the course of change the same for younger and older
couples?). The third question focuses on the mediators of change. A mediator is a variable that is
changed by the intervention and causes later changes in the relevant outcome (e.g., Is a reduction
in OCD behavioral symptoms preceded by a reduction of caregivers’ overprotective behaviors,

which follow from the intervention itself?).

A process approach is, in principle, more involved, with efforts to reveal mechanisms
underlying changes in the dyads. Such processes typically involve complex interrelations among
multiple variables. Any attempt to identify interrelations will require a number of factors,
including: a) rich data that represent the multivariate nature of the process as well as their time
dependency, and b) models that can uncover such dynamics at the appropriate level of analysis

and time-scale resolution (e.g., minutes, days, weeks) (Nesselroade & Boker, 1994).

Any system of human interrelations is dynamic, inasmuch as it unfolds over time. Hence,
a dynamic approach is required for studying and understanding many clinical problems. A
dynamic model is a set of equations that expresses the time dependency of the system. For
example, a dynamic model can include a function describing the changes in a system as a
function of its previous state (Hamaker, Zhang, & Maas, 2009). A dynamic model applied to
dyadic systems includes at least two processes—one for each member of the dyad- and must
account for the existence of both between- and within-person influences (Ferrer & Steele, 2014,
2012; Levenson & Gottman, 1983). For instance, if one is interested in emotional valence in a
system composed of two romantic partners, the valence for one of them at the present moment is
likely related to his or her own previous valence (intra-individual influence), as well as to the

previous state of the partner (inter-individual influence). A model to describe a dyadic system
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must account for both self and partner effects (Felmlee & Greenberg, 1999). Dynamic models
allow not only describing the present state as a function of previous states, but also present rate

and direction of change.

In clinical psychology research, as in any other field, matching theory to methods is vital.
To study dyadic processes we need models able to characterize and differentiate processes
within- and between people, and within- and between dyads. In this respect, to answer specific
hypotheses, model selection must be guided by one’s theory about the phenomenon. In the
remainder of this chapter we focus on models for dyadic data that are suited to capture features

of dynamic processes in dyads.
Latent growth curve models (LGC)

Latent growth curve (LGC) modeling is a technique used to characterize changes in a
process over time (Ferrer & McArdle, 2003; McArdle & Epstein, 1987; Meredith & Tisak, 1990;
Rao, 1958 ). Here, we focus on a bivariate LGC specification and illustrate how it can be used to
address clinical research questions involving dyads. Suppose a researcher would like to study the
effect of an upcoming stressful event on a person’s emotions and those of his or her partner. This
was the topic addressed by Thompson and Bolger (1999) in their study of daily stress among
examinees of the Bar Examination to obtain a lawyer license and their partners. In a scenario like
this, several questions would be pertinent that involve both dyad members. For example,
focusing on the emotional effects of the examination, one could be interested in: a) the trajectory
of the examinee’s anxiety as the date of the exam approaches, b) the trajectory of the partner’s
dissatisfaction with the relationship, and, c) the potential relation between these two processes.

Given a number of measurement occasions on both variables, a bivariate LGC model could be
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applied to address these questions. Figure 2 depicts a path diagram of such a model (top panel)

and trajectories in variables X and Y from a sample of 100 couples (bottom panel).

INSERT FIGURE 2 HERE

In the LGC model of figure 2, X represents the examinee’s self-reported anxiety and Y
represents the partner’s dissatisfaction with the relationship. Both variables are measured at four
occasions. At each occasion, the observed scores for each process (Y and X[y) are a function of
two latent variables: an intercept (yo and xo) and a slope (ys and x;) of the growth trajectory, for
each variable. The latent intercept has loadings of the same value —usually 1- on all occasions.
The latent slope has loadings that define the shape of the curve over time. For example, if the
trajectory is expected to increase linearly and the observations are equally spaced in time, the
loadings could be fixed to 0, 1, 2, 3. Other values for the slope’s loadings allow different
specifications for the trajectory; for example, it is possible to fix only the first and last loading to
0 and 1, and freely estimate the rest, so the model can capture any shape of change (i.e., Latent
Basis Growth Model; McArdle & Epstein, 1987; Meredith & Tisak, 1990). If the first slope
loading is fixed to zero, the latent intercept represents the value of the process at the initial

occasion.

This model allows estimation of the means of the two latent variables (p and ps), which
capture the mean intercept and slope for the whole sample. If the slope loadings are specified
with increasing values, a positive slope represents an increase in the average trajectory, and vice
versa. Because the model also yields estimates of the variances in the latent variables, it is
possible to capture between-individual differences in both initial level and rate of change. The

covariance between the intercept and slope (oos) captures the relation between the initial state
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and the growth for the sample. In Figure 2, the covariances between the two latent intercepts
(c00) and between the two latent slopes (css) are also estimated. The first parameter represents
the relation between the initial values in the examinees’ anxiety and their partners’
dissatisfaction. The second parameter captures the relation between the rates of growth of both
processes. To accommodate further associations between the partners’ processes, other
parameters can be included in the model. For example, the covariance between one person’s
intercept and the partner’s slope would represent the association between, say, the examinee’s
anxiety at the initial assessment and increases (or decreases, depending on the slope valence) in
the partner’s dissatisfaction with the relationship. To account for the non-independence between
both partners’ scores, the unique variance of the scores for each individual are typically allowed
to covary. This covariance accounts for any interdependence between the processes that are not

related to the bivariate growth.

Although we describe standard uses of the LGC models, alternative specifications can be
used to capture other forms of associations between both dyad members. For example,
Ledermann and Macho (2014) described a LGC model for common fate effects, defined as
variables affecting both members of the dyad equally (Kenny et al., 2006; Ledermann & Kenny,
2012). In Ledermann and Macho’s model, the scores from the two members of a couple were
regressed on the same latent variable or process at each time point. Therefore, it was assumed
that they are different expressions of the same unobserved construct. In their study, the scores
represented negative sentiments about the relationship expressed by each member of the couple,
whereas the common latent process was the negative affect in the dyad. Then, a single LGC
model was specified to describe the trajectory of the latent process for the dyad. Because this

model specifies a measurement structure for the latent process, measurement invariance tests are
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required to ensure that the construct is the same across measurement occasions (measurement
invariance, also called factorial invariance, is a statistical procedure for formally testing whether
the relations between a set of observed and latent variables are constant over time, or across
different groups. See Bollen & Curran, 2006; Ferrer, Balluerka, & Widaman, 2008; Ledermann
& Macho, 2014; Meredith, 1993). Other specifications of multivariate processes are also possible

in the context of LGC models (McArdle, 1988).

One general limitation of most LGC models for dyadic interactions is that all variability
not related to the within- or between-person influences goes to the residuals, without further
partitioning. One relatively recent technique suited to overcome this criticism about residuals is
the mixed-effects location scale model (Hedeker, Mermelstein, & Demirtas, 2008; Rast, Hofer,
& Sparks, 2012), an extension of the mixed-effects model that allows partitioning the residuals.
In the context of dyadic data, this model was used to characterize daily emotional ups and downs
of couples as a function of individual and partner effects. In addition, the within-person variance
over time was explained by factors outside the dyad (e.g., weather), which permeated the daily

ups and downs in affect (Ferrer & Rast, 2017).

Bivariate LGC models for dyadic data allow the identification of growth in each variable
as well as the relationship between the changes in both variables. But such a relation, expressed
by the covariance between slopes, is not time-dependent, thus overlooking possible interrelations
between the variables over time. It is also possible to specify a LGC with direct cross-lagged
associations between the observed scores of both individuals (Bollen & Curran, 2006; Curran &
Bollen, 2001). These parameters would capture time-lagged influences between the two
processes, beyond those modeled by the growth process. Whereas the latent slope in this model

captures smooth (typically linear) change over time, the addition of time-lagged parameters
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allows describing time-specific features of change. These parameters can be constant over time,
or time-specific, representing discrete periods in the data. Typically, however, a dyadic LGC is
specified to model associations between the changes in dyadic processes through the covariances
between latent intercepts and slopes. If a main interest is in examining time-lagged influences
and sequences between the processes, other models exist that focus more specifically on such
relations (Ferrer & McArdle, 2003; McArdle, 2009). We describe these models in the next

sections.

Latent change score models (LCS)

Latent change score models (McArdle, 2001, 2009; McArdle & Hamagami, 2001) are a
general framework to model the change in a process as well as its time-related sequences. As
such, they subsume LGC models as one particular specification. However, whereas the standard
LGC model includes parameters capturing information about the whole trajectories, LCS models
typically combine those parameters with additional time-lagged effects, which capture time-
specific sequences of influences. Here we provide a conceptual overview of this family of
models through one clinical example, and we explain how to interpret the main results. More
extended descriptions and applications are available elsewhere (e.g., Ferrer et al., 2007; Ferrer &

McArdle, 2003, 2010; McArdle & Hamagami, 2001).

There is a large literature suggesting that child and adolescent psychopathology is
associated with features of parents and family environment. For example, there is a strong
association between depressive symptoms in mothers and anxiety in their adolescent daughters
(Garcia-Lopez et al., 2014). Suppose we want to describe the longitudinal trajectory of both

processes and to study the dynamic interrelations between these two constructs in a sample of
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adolescents. We could hypothesize that higher levels of mothers’ depressive symptoms would
lead to subsequent increases in their adolescent daughters’ anxiety, but high anxiety in daughters
would not be associated with increases in mother’s depressive symptoms. A LGC model would
capture whether the initial state and the growth of each process are related, but would not
provide information about the order in which these processes influence each other. A potential
model to address this question is a dyadic LCS model (Ferrer & McArdle, 2003, 2010, McArdle,

2001, 2009; McArdle & Hamagami, 2001).

Suppose we recruit a sample of mother-daughter dyads and measure mothers’ depression
and daughters’ anxiety every two weeks during four months, leading to nine assessments in total.
A potential bivariate LCS specification to examine questions from these data is depicted in
Figure 3 (path diagram in top panel, trajectories for 100 dyads in bottom panel). Here, X and Y
represent mothers’ depressive symptoms and daughters’ anxiety, respectively. In the standard
LCS model, a latent variable representing changes is specified for each process at each repeated
occasion. This latent variable captures the changes in the latent scores of a process between one

occasion and the next.

INSERT FIGURE 3 HERE

At each occasion, the latent process is a function of the initial unobserved level, y, and X,
plus the accumulation of changes up to that occasion. Various specifications for the unobserved
changes Ay and Ay are possible, depending on one’s hypothesis of change. In Figure 3, these
changes are a function of three elements: a) an additive component (ys and Xs), b) the latent levels

of the same process at the previous occasion (i.e., self-feedback, B, and By), and the latent levels
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of the other process at previous occasion (i.e., coupling, yy and yy). All three parameters capture a

relevant feature of the trajectory, and therefore they must be interpreted together.

Let us assume the hypothesis that mothers’ depressive symptoms (X) lead to changes in
daughters’ anxiety (Y), but not the other way around. Support for this hypothesis data would be
represented by the y, coupling parameter being different from zero, but not y,. Additionally, the
self-feedback effects (By and By) would indicate the time-lagged influence of each process on
itself, whereas the mean of each of the additive components (i.e., the means of ys and xs) would
indicate the presence of a constant influence in the changes at each occasion, and the magnitude
of such influence. As in a dyadic LGC model, the LCS model captures the variability in the
latent initial states and the additive components of the processes (quantified by the variances of
Yo, Xo, Ys and Xs) as well as the linear relations among them (quantified by the covariances
between those four latent variables). Dyadic LCS models have been applied, to study depressive
symptoms in spouses (Kouros & Cummings, 2010), relation between marital satisfaction and
self-rated health (Proulx & Snyder-Rivas, 2013), effects of intimate safety, acceptance and
activation on marital satisfaction (Hawrilenko, Gray, & Cdérdova, 2016) and the effect of self-
directed interventions on couples’ communication (Bodenmann, Hilpert, Nussbeck, & Bradbury,

2014), among others.

Finally, the dyadic LCS model could be extended to include additional processes.
Suppose that, in addition to examining mothers’ depressive symptoms and daughters’ anxiety,
we are interested in mothers’ expressed emotion and its interplay with the other two processes.
This new variable could be included in a model where different patterns of lagged influences
among the three processes could be evaluated. Because each additional process can lead to a

large number of additional parameters, the model becomes more complex. Hence, we
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recommend relying on theory for model specification and selection of paths to be examined. For
examples of such multivariate systems, see Ferrer & McArdle (2004) and McArdle, Hamagami,

Meredith, & Bradway (2000).

Time series analysis

The models described above (APIM, LGC, and LCS) are typically applied in scenarios
with relatively large sample sizes. The goal is often to characterize the relevant aspects of change
at the group level. In contrast, the term “time series analysis™ is commonly used in situations
with fewer dyads —one is enough— and a relatively long string of data points of the same process
per case. Researchers using these methods are typically interested in characterizing the
idiosyncratic features of change in each of the dyads under study. Some examples of time series
include the hourly stock market value of a given company or the daily temperature of a specific
location. In psychological research on dyads, time series are applied primarily applied to the
study of emotion, affect, and intensively sampled psychophysiological data (Ferrer & Zhang,
2009; Gottman & Notarius, 2000; Levenson & Gottman, 1983). A critical feature of time series
is the self-dependency of the data points. This dependency indicates the degree to which the state
of the system at any given moment is correlated with itself at previous times. Time self-
dependency can be quantified through the autocorrelation (ACF) and partial autocorrelation
(PACEF) functions. The former refers to the correlation between two given scores separated for a
particular time lag k. For example, an autocorrelation of order one, represents the correlation
between adjacent scores (Ferrer & Zhang, 2009). The partial autocorrelation, on the other hand,
represents the dependence between the scores at times t and t+k after accounting for all the

intermediate occasions.
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Another key concept in time series processes is that of stationarity. Conceptually,
stationarity indicates that the statistical characteristics of the process do not change over time.
Therefore, any particular window of time is equally representative of the whole process. For
most time series models, weak stationarity is required (Ferrer & Zhang, 2009), implying that: a)
the mean levels of the variables in the process do not change (i.e., there is no increase or
decrease over time), b) the variances and covariances between the different variables are constant
at any particular measurement occasion, and, c) the pattern of lagged dependency only changes
as a function of interval length. When a series is not stationary due to trends or seasonal
components, it is common to pre-process the data to remove these components before applying
any model. A number of methods have been proposed for detecting and analyzing non-
stationarity (Bringmann et al., 2017; Cabrieto, Tuerlinckx, Kuppens, Grassmann, & Ceulemans,
2017). For more information about general properties of time series, see Bisgaard & Kulahci

(2011) and Shumway & Stoffer (2011).

Auto-regressive models. The auto-regressive (AR) models described here are
mathematically equivalent to a Repeated Measures APIM, and also to a LCS model without the
latent additive components (xs and ys). For example, the classic cross-lagged panel model is an
application of AR models applied to repeated measures panel data. In general, however, AR
models are a class of models typically used in time series where a long string of data is available.
In the context of dyadic research, an important goal of AR models is to describe the idiosyncratic
features of each dyad. Figure 4 depicts a path diagram of an AR model (top panel), and the
observed scores over 95 days for three different couples (bottom panel). This figure represents a
bivariate auto-regressive model for the two members of a couple. The variables Y and X could

denote, say, the anxiety of the female and male, respectively, in each dyad. At any time t, the
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female’s anxiety in the relationship Y is a function of both her own anxiety at the previous time
Yi.1 as well as that of her partner at the previous occasion X..;. The first influence is typically
termed the auto-regressive (AR) coefficient, stability or inertia (Gottman, Swanson, & Murray,
1999; Hamaker et al., 2009) of the process, and is captured by the parameters 3. The second
influence is the cross-lagged-regression (CL), or partner’s effect, captured by the parameter vy, or
vy, for the female and male, respectively. Together, these parameters define an auto-regressive
model of order one (AR1). The residuals in the processes (dy and dy) are typically termed
innovations or shock variables and account for the variance in the process not explained by
previous states. Such shocks can also be specified so they predict the system at future occasions.

In this case, the model becomes an auto-regressive moving-average model, ARMA.

INSERT FIGURE 4 HERE

For simplicity and parsimony, the values of the AR and CL parameters are often
constrained to be equal across occasions. But such a constraint can be relaxed in order to account
for potential influences of lags greater than one or to test for differences in the parameters across
various segments in the data. As noted previously, if an APIM is applied to more than two
measures, and the actor and partner influences are constrained to be equal over time, the
resulting RM-APIM is equivalent to the auto-regressive model described here (Nestler et al.,

2015; Perry et al., 2017).

AR models allow answering questions pertinent to dyadic interactions. Examples of such
questions are: Are both individuals in the dyad equally influenced by their own previous states?
Avre the partner effects the same? Does the model lose its predictive value if one of the partner

effects is constrained to be zero—e.g., from male to female? By adding AR and CL parameters of
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higher order (e.g., lag 2, lag 3) it is possible to evaluate the time-dependency of the model: How

many previous measures are needed to explain the state of the system at any given time?

The basic AR model described here can be extended in different ways. For example,
Gottman and collaborators (Gottman, Murray, Swanson, Tyson, & Swanson, 2002) proposed a
set of dynamic functions —linear and non-linear— that allows the auto-regressive components in
the model to capture different patterns of partners’ influence. They used these equations to
describe dynamic affect changes in couples’ interactions and to predict later marriage success.
Recent developments of this framework (Hamaker et al., 2009) allow comparing competing
models and evaluating which one is better for each particular couple (Madhyastha, Hamaker, &

Gottman, 2011).

Dynamic factor analysis (DFA). When studying many psychological phenomena,
researchers must account for the fact that the observed scores are not perfect measures of the
processes under study —i.e., there is error of measurement. To deal with this issue, multiple
observed variables are often used to represent a latent factor representing the unobserved
process. One model that can accommodate the resulting multivariate time series is the dynamic
factor analysis (DFA. Engle & Watson, 1981; McArdle, 1982; P. C. Molenaar, 1985). DFA
integrates features of factor analysis and time series analysis into a single model that captures the

measurement structure of a latent variable as well as its time dependency.

The basic specification of a DFA model allows addressing questions such as: Which of
the observed indicators is contributing more strongly to the latent process? How do the latent
processes in the dyad influence each other and themselves over time? Are they influenced by

their own previous states or by those of the partner? For how long can such influences be
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detected? Or, said differently, how long until such influences dissipate? DFA has been primarily
used to study fluctuations of emotions over time. For example, it has been applied to examine the
change in emotional states of patients with Parkinson disease (Chow, Nesselroade, Shifren, &
McArdle, 2004; Shifren, Hooker, Wood, & Nesselroade, 1997), the different patterns of
emotional evolution after a romantic breakup (Sharra & Ferrer, 2006), or the changes in anxiety

in patients following psychotherapy (Fisher, Newman, & Molenaar, 2011).

In dyadic data, DFA has been predominantly used to study the interrelations between the
emotional ups and downs of both dyad members. For example, Ferrer and Nesselroade (2003)
used it to examine the structure and dynamics of affect in a husband and wife couple. One
interesting finding from that study is that the husband’s negative affect on a given day influenced
the wife’s negative affect one day later, while at the same time inhibiting her positive mood.
Ferrer and Widaman (2008) applied DFA to a large sample of dyads to investigate similar
questions of structure and dynamics. Some findings of particular relevance included: a) large
differences between results from a model fitted to the entire sample and a model fitted to each
individual dyad, and b) very large variability in both affect structure and dynamics across dyads,
without support for a model that represents all couples — “the average couple”. In another study,
Castro-Schilo and Ferrer (2013), employed DFA to extract information about daily affective
dynamics in couples and compared the predictive validity of such information against standard
measures, such as mean and standard deviation, of the time series. The DFA parameters
representing interrelations between the two individuals in the dyad over time were predictive of

relationship quality — but not breakup — one and two years later after the daily data.

Figure 5 depicts a path diagram of a DFA (top panel) and the manifest and latent scores

of one couples over 95 days (bottom panel). In this figure, the latent variables y; and x; represent
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negative affect over time for a female and a male in the couple. Suppose we want to address the
question: Is the negative affect of each dyad member equally important for predicting the
negative affect of the other member? In other words, are the time-lagged partner effects
symmetrical? The latent factors representing negative affect are measured by three manifest
variables (Y1-Y3 and X;—Xs, for the female and male, respectively). Different specifications are
possible for such a multivariate dyadic system. Here, we describe a process DFA model in which
time dependencies are modeled through relations among the factors (Browne & Nesselroade,

2005; Browne & Zhang, 2007; Ferrer & Zhang, 2009).

INSERT FIGURE 5 HERE.

In a standard specification of a process DFA, at any given occasion, there is a
measurement structure representing how the various observed variables relate to the latent factor.
Such a measurement structure is typically held invariant across occasions, so relations among the
factors over time can be examined. For example, according to Figure 5, the female’s and male’s
negative affect factors are being measured by three variables. Each of these variables relates to
its latent factor and also has its unique variance. Thus, at each measurement occasion, the model
describes the measurement structure of negative affect for each person. The associations among
the latent factors are specified to examine time-dependencies. In the path diagram of Figure 5,
the latent negative affect factor for each person is influenced by his or her own affect, and the
partner’s affect at the previous occasion (lag-1 effects), as well as their own affect at the
occasion before the previous (lag-2 effects). These auto- and cross-lagged influences are
analogous to those described for the AR model, but relate latent factors that take into
consideration their measurement structure. Two random shock variables z, and z, represent the

variance in each factor that is not accounted for by the system.
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In a standard specification, stationarity of the system is assumed, and these parameters
are constrained to be invariant over time, indicating that the effects are the same throughout the
entire time series. This constraint, however, can be relaxed to test hypotheses of temporal
sequences (Ferrer & Nesselroade, 2003), examine possible time-varying effects in the parameters
(Chow, Zu, Shifren, & Zhang, 2011), or investigate trends in the data (Molenaar, Gooijer, &
Schmitz, 1992; Molenaar & Nesselroade, 2001). Similarly, the processes can be specified to be
influenced not only by the adjacent occasion but also by other occasions before, by including
additional regression coefficients from t-2, t-3 ... up to t-k, leading to a process of k™ order. If
the members of the dyad are influenced by each other in a symmetrical manner, the two cross-
lagged influences will have similar values. If the influence is asymmetrical, one of them will

have a lower value.
Differential equations models for dyads

Differential equation models (DEMs) are a class of models to examine the dynamics of a
process in continuous time. DEMs are particularly useful for examining dyadic interactions, as

these models explicitly consider the two members of a dyad as an interdependent system.

DEMs have been primarily used as a theoretical framework to investigate the predictive
behaviour of a dyadic system under formal mathematical assumptions (Felmlee, 2006; Felmlee
& Greenberg, 1999). In psychology, they have been used to examine a wide array of topics,
including, intimacy and disclosure in marriage (Boker & Laurenceau, 2006), attachment and
affect corregulation (Butner, Diamond, & Hicks, 2007), dynamics in families (Chow, Mattson, &
Messinger, 2014; Ram, Shiyko, Lunkenheimer, Doerksen, & Conroy, 2014), daily emotional ups

and downs in couples (Chow, Ferrer, & Nesselroade, 2007; Steele & Ferrer, 2011), self-
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organization and nonstationarity in dyadic interactions (Chow, Ou, Cohn, & Messinger, 2017),
temporal evolution of emotions in romantic partners (Butler, 2017; Reed, Barnard, & Butler,
2015), and the dynamics of physiological signals between partners in romantic couples (Ferrer &

Helm, 2013; Helm, Sbarra, & Ferrer, 2014, 2012).

In general terms, DEMs directly model the changes in the system — and each of its units —
as a continuous process. As such, they are a general framework to study dynamics. A desirable
feature of these models is that such generality allows researchers to specify a particular model
that best represents the potential mechanisms underlying such dynamics. For dyads, the model
would involve two differential equations, one for each person in the dyad. One such model
developed in the context of dyadic interactions was developed by Felmlee and colleagues

(Felmlee, 2006; Felmlee & Greenberg, 1999) to study individual goals and dyadic influences.

In the context of, say, daily emotions of two individuals in a married couple, this model
would specify the rate of change in the daily emotions for each individual as a function of two
parameters: one representing the extent to which each person changes as a function of the
partner’s current emotion. Therefore, the first component can be understood as representing self-
regulation, whereas the second term would represent co-regulation, or the degree of emotional
interrelation between both individuals. Different values and restrictions for these four parameters
lead to different behaviors of the system over time (Felmlee, 2006; Ferrer & Steele, 2013, 2012;
Steele, Gonzales, & Ferrer, in press). The top panel in Figure 6 depicts four combinations of
parameters, leading to different regulatory patterns. The bottom panel in Figure 6 depicts two

examples of predicted and observed trajectories.

INSERT FIGURE 6 HERE.
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If the parameters representing self-regulation are positive for both individuals, they are
expected to change towards their own emotional equilibrium. If they are negative, their affect
tends to drift away from their corresponding equilibrium points —i.e., the within-partner influence
does not regulate the system, because the farther they are from the equilibrium, the faster they
will move away. If the parameters representing co-regulation are positive for both individuals,
they partners engage in a cooperative process in which they tend to converge over time. If they

are negative, both individuals tend to drift away from the partner’s emotional state.

Exploratory and computational methods for studying dyadic data

In addition to the models described thus far, several newer exploratory methods are now
available for capturing relevant features of the dyad without relying on statistical assumptions
such as normality, homoscedasticity or stationarity (Chow, Ferrer, & Hsieh, 2011). The
application of some of these methods to dyadic interactions is still in its nascent form but they
will become increasingly common in the near future. Some examples of this methodology
includes computational algorithm to identify periods of similarity in couples’ daily emotional
fluctuations (Ferrer, Chen, Chow, & Hsieh, 2010, p. 20; Ferrer, Steele, & Hsieh, 2012; Hsieh,
Ferrer, Chen, & Chow, 2010), or network analysis for investigating the structure and dynamics
of affect in couples (Bringmann et al., 2013, 2016; Ferrer et al., 2010). Ferrer (2016) provides a

brief overview of these innovative approaches.

A note on computer programs for dyadic data analysis

All the models described in this chapter can be specified in within different modeling
frameworks. The APIM, LGC, LCS and AR models are often specified through structural

equation modeling (SEM). Some of the most popular computer software for estimating SEMs are
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standalone programs such as Mplus (Muthén & Muthén, 1998), and the packages lavaan
(Rosseel, 2012) and OpenMx (Boker et al., 2011; Neale et al., 2016) for the R programming
language (R Core Team, 2017). Kline (2016) provides a comprehensive review of computer
tools for SEM. Most of these models can also be specified in the multilevel framework
(hierarchical linear models, mixed-effects models), using standard multilevel modeling software
such as SAS, HLM, or, within the R environment, the packages Ime4 (Bates, Méachler, Bolker, &

Walker, 2015) and MCMCglmm (Hadfield, 2010).

Regarding the dynamic models described here (i.e., AR, DFA, DEM), multiple software
options are available for fitting them. Some recently developed packages are flexible enough for
specifying and fitting any of these dynamic systems models: OpenMx (Boker et al., 2011; Neale
et al., 2016), dynr (Ou, Hunter, & Chow, 2017) and ctsem (Driver, Oud, & Voelkle, 2017) are
powerful tools for fitting any of these dynamic models to dyadic data. Other programs are also
available that were developed specifically for time series (DyFA; Browne & Zhang, 2003; Zhang

& Browne, 2008).

Conclusion

Research on dyads in clinical research — as in any other social and behavioral science —
fundamentally involves studying systems over time. This premise relies on the interdependence
between the two people in a dyad, which leads to many interesting questions about processes and
dynamics. Understanding the emotional underpinnings of romantic couples, for example,
requires knowledge about how each person’s emotions, thoughts, and behaviors influence those
of the other person. Knowing how the working alliance between a therapist and a client develops

over time depends on insights about the interactions between both individuals, as they exchange
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information and emotion. Finally, fully understanding child psychopathology requires
knowledge about their parents’ psychological well-being as well. To answer these questions,
analytic techniques are needed that can capture key aspects of the interdependence between the

members of a dyad.

Many authors emphasize that research in clinical psychology must focus on the process
of change and the factors that moderate and mediate this change (Granic & Patterson, 2006;
Hayes & Strauss, 1998; Hollon et al., 2002; Laurenceau et al., 2007). This implies transitioning
from asking questions about the outcomes (i.e., Did the therapy work?) to questions about the
processes and mechanisms (i.e., How did it work?). Accordingly, clinical researchers
need models that can describe the temporal dynamics of these processes. Recent advances in
guantitative methodology have yielded multiple techniques that allow researchers to examine
such questions about processes and dynamics. In this chapter we reviewed a number of models
developed to capture different aspects of dyadic interactions. We emphasized models that focus
on change and dynamics because they are the best suited to answer questions related to processes
in dyads. We hope the information provided here is useful as psychological scientists deepen

their focus on the study of dyadic processes.
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Table and Figures

Table 1. Overview of dyadic models

Model

Type of data

Example of clinical research question

Focus on outcomes

Actor-Partner Interdependence Model
(APIM)

Cross-sectional. At least two
variables measured on each dyad
member

Pre-post. At least one variable
measured at pre- and post- for each
dyad member (same or different
variables measured at each occasion)

Couples with one partner affected by cancer, “Perception of active engagement of the non-
affected partner” and “marital satisfaction” are measured on both partners.

Does engagement explain satisfaction? Are the interpersonal and intrapersonal effects
equally important? Are the influences reciprocal or is one partner more influential than the
other?

“Attachment style” of therapists and clients are measured at the beginning of therapy
sessions, and “working alliance” is reported by both individuals after 3 weeks.

Does attachment predict alliance? Are the interpersonal and intrapersonal effects equally
important? Are the influences reciprocal or is one partner more influential than the other?

Focus on processes

Large sample size, few measurement
occasions per case (TN, |T)

Latent Growth Curve Model (LGC)

Latent Change Score Model (LCS)

Many measurement occasions per case
(M
Auto-Regressive Model (AR)
(Equivalent to a Repeated Measures
[RM-] APIM)

At least one variable measured on
each dyad member; >2 occasions

Stationarity is typically assumed

At least one variable measured on
each dyad member; multiple
occasions

Standard goal: To characterize dyadic change and interrelations at the group level

Couples anticipating an upcoming stressful event for one member. “Anxiety” is being
measured on the target member and “relational dissatisfaction” is measured on the partner.
What are the trajectories for anxiety and dissatisfaction, as the event approaches? What is the
relation between the trajectories in both partners?

“Depressive symptoms” are measured in a sample of mothers, while “anxiety” is measured
on their daughters. What is the trajectory of both variables over time? What is the relation
between both trajectories? Does mother’s depression predict subsequent increases in the
daughter’s anxiety. What about the other way around?

Standard goal: To characterize change for each dyad member and interrelations among
them.

Daily measures of “anxiety” in couples for four months. Are both partners equally influenced
by their own previous anxiety? Are partner effects equally important? How many previous
measures are needed to explain the state of the system at any given time (i.e., what is the
time-dependency of the system)?
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Dynamic Factor Analysis (DFA)

Differential Equations Model (DEM)

Multiple variables measured on each
dyad member; multiple occasions.

These variables measure one or more
common latent factors on each
partner. Measurement invariance is
assumed

One of multiple variables measured
on each dyad member; multiple
occasions. Time is treated as
continuous

Daily reports of negative mood reported by both dyad members. A latent factor representing
“negative affect” is extracted from the observed variables. What is the structure of negative
affect? What is the time dependency of negative affect? Are there differences between both
partners?

Regarding the latent processes of each partner, are they influenced by their own previous
states or by those of the partner? How long until such influences dissipate?

Daily measures of negative affect in couples for two months. What are the dynamics of affect
for each person in the dyad? What are the dynamics between both individuals? Does each
partner self-regulate affect autonomously? Do they co-regulate each other’s affect? Is the
system stable and progress towards an equilibrium point?
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Figure 1. Path diagram of an Actor Partner Independence Model (APIM).
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Figure 2. Bivariate (dyadic) Latent Growth Curve (LGC) Model. Path diagram (top panel) and

trajectories of a sample of n=100 (bottom panel).
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Figure 3. Bivariate (dyadic) Latent Change Score (LCS) Model. Path diagram (top panel) and

100 (bottom panel).
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Figure 4. Bivariate (dyadic) Auto-regressive Cross-lagged Model. Path diagram (top panel) and

trajectories of three different couples (bottom panel).
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Figure 5. Bivariate (dyadic) Dynamic Factor Analysis (DFA) Model. Path diagram (top panel)

and trajectories of one couple in the manifest and latent variables (bottom panel).
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Figure 6. Bivariate (dyadic) Differential Equation Model (DEM). Examples of different

trajectories expressed by model parameters (top panel) and observed and predicted trajectories of

two couples (bottom panel).

Both cooperative

deidt= a;- (x*—x)ta;- (v-x)
dvide= by (v )+ by (x )

Both independent

dx/dt=a,(x* —x,)
d/dr= a,(b* — ;)

One uncooperative (x) and one dependent (v)

de/dr= ay- (x* —x)—ay- (v —x)
dyidt= by (x—y)

Both reactionaries

dvidt = —ay- (y — x)
dvidt=—=bs-(x—y)

-~

{Adapted from Felmlee, 2006; Felmlee & Greenberg, 1999)

Model * Female Dependent ™, Dyad ID (505 )

o7

05 08
1 1

04

03
1

R-sq: 02179
Resq: 00841

Model * Male Dependent *, Dyad ID (579 )

075
1

053
1

Resq: 01936
R-sq: 4e-04
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