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Families as Coordinated Symbiotic Systems: Making
use of Nonlinear Dynamic Models

Families are often conceptualized as continually evolving, relational systems (Cox
and Paley 1997; Minuchin 1985). Individual members influence and are influenced
by all other members. These reciprocal relations coalesce into family-level sym-
biotic processes and are the core of study in family systems research and therapy
(see Lunkenheimer et al. 2012). Wohlwill (1991) noted that, “. . . what [reciprocal
relationships] would call for are methodologies that allow one to model the interpat-
terning between two [or more] sets of processes each of which is undergoing change,
in part as a function of the other . . . The closest approach to this kind of modeling
that is indicated for this purpose are probably some of the models from the field of
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ecology and similar systems-analytical work” (p. 128). Following this suggestion
we began exploring how the theoretical and analytical approaches used in ecology
relate to study of person-context transactions and longitudinal structural equation
models (Ram and Nesselroade 2007; Ram and Pedersen 2008). Here we extend our
thinking to the modeling of family systems.

Theory: Families as Dynamic Systems

Over the last half-century, developmental scientists have often argued for and some-
times formulated dynamic systems and process-based accounts of development (Ford
and Lerner 1992; Gottlieb 1997; Sameroff 1983; Schneirla 1957; Werner 1957).
Likewise, family therapists and researchers often promote a systems view, stress-
ing that the family is a whole, has interdependent subsystems, and that interactions
among these subsystems are governed by homeostatic and circular processes that
emerge and adapt to internal and external demands (e.g., Minuchin 1974, 1985).
Families are dynamic systems capable of both (a) adaptive self-stabilization, wherein
coordinated action of subsystems compensate for changing conditions in the envi-
ronment and maintain homeostasis, and (b) adaptive self-organization, wherein the
system as a whole transforms to accommodate change in or challenge to the existing
configuration (see Cox and Paley 1997, Thelen and Ulrich 1991).

These principles provide a framework for examining change within family systems
at multiple time scales (Granic 2005; van Geert 1998). Shorter-term, micro-level
changes indicate how a family system self-stabilizes and functions as a unit to achieve
homeostasis. For instance, consider a couple who tells jokes every evening as a
way to lift each others’ mood and decompress from the day’s stress. When a major
change occurs, the system may self-organize into a qualitatively different pattern
of self-stabilization. When a new child joins the family, the sharing of jokes is
replaced by a new homeostasis–diaper changing and fatigue. If we explicitly consider
the dynamic and reciprocal interactions among family members as the actions of a
dynamic system that self-stabilizes and self-organizes, we can begin to model the
structure, organization, and patterning of these relationships within and across time
and context (Fogel 1993; Lunkenheimer and Dishion 2009).

Methods: Nonlinear Dynamic Models

Applications to Biological Systems

As does family systems theory, biological theory underscores the importance of
dynamic interactions. However, rather than elaborating how an individual func-
tions within the family context (e.g., parent-child or marital relations), biologists
are concerned with how one species grows and declines within the context of other
species and the environment (e.g., foxes and rabbits). Ecologists, for instance, aim
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to understand the distribution and abundance of animals and plants, with particu-
lar focus on how a species’ short- and long-term population dynamics are affected
through interaction with the surrounding environment and presence and/or absence
of other organisms (e.g., predators, prey). Since early in the 20th century, ecolo-
gists have been using a combination of theory, observational data, and mathematical
modeling to understand how both intra-specific (within a species) and inter-specific
(between-species) interactions contribute to population change.

Two mathematical biologists, Lotka (1925) and Volterra (1926) introduced a
robust framework for translating theories about interspecies associations into a math-
ematical form. This framework has been very useful for modeling, exploring, and
theorizing about the distribution and abundance of multiple species living in the same
space—symbiosis (see Paracer andAhmadjian 2000). Formally, a two-species model
can be written using a set of nonlinear differential equations. Using x to represent a
characteristic of one species (e.g., the size of the population), and y to represent a
characteristic of the other species (e.g., also, the size of the population), the dynamics
(i.e., the rates of change) of these characteristics can be modeled as

dx

dt
= a1 + b1x ± f1(y, x)

dy

dt
= a2 + b2y ± f2(x, y) (2.1)

where dx
dt

and dy

dt
are the rates of change in x and y, respectively, over time. The

parameters a1 and a2 represent each species’ “uninfluenced” trajectory when iso-
lated from self-influence and influence of other aspects of the environment, and can
be interpreted as an indicator of the species’ homeostatic or dynamic equilibrium.
Non-zero values indicate the natural trajectory of change (moving vs. resting). The
parameters b1 and b2 indicate the extent to which each species (x and y) changes
as a function of their own characteristics (e.g., the size of the population at a given
moment). Positive parameters indicate a self-exciting mechanism wherein higher
population levels foster more growth. In contrast, negative b1 and b2 parameters
indicate a self-inhibiting mechanism wherein higher population levels invoke de-
clines. For example, animal populations (humans excluded) tend to keep themselves
in check when living in a resource limited environment. The functions f1 and f2

articulate how each party changes as a function of the interactions between the two
species, and are interpreted as indicators of the co-regulatory mechanisms operating
within the system (e.g., cooperation/competition). One set of straightforward influ-
ence functions can be operationalized as the interactions between the two species
(literally the product),

f1(y, x) = ± c1yx, and

f2(x, y) = ± c2xy, (2.2)

where the signs of the parameters c1 and c2 indicate how the cross-species interac-
tions affect the growth or decline of each species. For example, when foxes (x) have
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the opportunity to meet with rabbits (y), species x tends to eat species y, and the inter-
actions invoke positive progression for the foxes (c1 > 0), but negative progression
for rabbits (c2 < 0). The influence functions characterize the predator-prey nature
of the relationship. The species co-regulate, in that the abundance or scarcity of
rabbits influences foxes ability to reproduce, and the abundance or scarcity of foxes
influences the ability of rabbits to reproduce. Co-regulation may also manifest in
ways that are positive for both species. For example, when humming-birds (x) have
the opportunity to meet with flowers (y), species x pollinates species y and species y
feeds species x. The exchange invokes positive progression for the humming-birds
(c1 > 0) and the flowers (c2 > 0). Here, the influence functions characterize the
mutualistic nature of the co-regulation. Generally, the overall pattern of parameters
(e.g., +/+, +/0, +/−, −/−) provides a system-level description of the mutualistic,
commensal, parasitic, or competitive nature of the association. Using variants of the
Lotka-Volterra equations, biologists have spawned a vast knowledge of how ecologi-
cal systems change over the short-term and evolve over the long-term (Murray 2002).
From a modeling perspective, the elegance of the framework holds great value for
articulating and describing aspects of the human ecology.

Applications to Family (and Work-Family) Systems

In combing through the existing literature on family systems we found relatively few
papers that explicitly used the biological systems terminology to describe family
(or work-family) systems. Noting that the conceptual underpinnings of family sys-
tems theory were developed from frameworks used to describe natural systems (e.g.,
Bowen 1978), Noone (1988) elaborates in detail how the concepts of symbiosis are
used in the mental health field and the life sciences, and how they might apply to
human families. Werbel and Walter (2002) use the biological analogies of mutualism
and parasitism to elaborate on work and family role dynamics. They note how, in
a dysfunctional system, an individual’s work role may have a negative impact on
his or her family role (+/− parasitism), while in a more functional system, feel-
ings of productivity at work may contribute to a better family life and, vice versa, a
better family life may contribute to greater productivity at work (+/+ mutualism).
Less flattering usage of the biological vernacular is the labeling of young people (up
to about age 30) who, after finishing formal schooling and obtaining employment,
continue living with their parents as “parasite singles” (Yieh et al. 2004).

Although the biological terminology surrounding symbiosis appears to have been
used in a very limited manner in studies of family systems, the accompanying math-
ematical framework (Eqs. 1 and 2) has proved quite useful in the study of marital
relations. Gottman et al. have a long line of work using the theoretico-mathematical
framework outlined above to study marital behavior (e.g., Gottman et al. 1999; 2002a,
2002b). Drawing directly from mathematical biology (e.g., Murray 2002), they for-
mulated a version of the Lotka-Volterra models that matched their theoretical models
of how spouses (husband = x, wife = y) influence each other’s behavior within
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marital interactions. This model was then used to identify specific features within
the dynamics of conversation that are indicative of relationship quality and contribute
to marriage dissolution. The partners’ relative positivity during alternating speaking
turns within a 15-min conversation/argument (e.g., # of positive comments−# of
negative comments) was modeled as a combination of “uninfluenced” tendencies
(analogous to the system dynamics described by the parameters a1, a2 and b1, b2

from above) related to the past history of the relationship and personality (or what
we called self-exciting and self-inhibiting mechanisms) and “influence” tendencies
(co-regulatory mechanisms) related to how the spouses affected one another. At the
basic level, the influence functions are straightforward,

f1(y, x) = ± c1y, and

f2(y, x) = ± c2x,

where person x’s trajectory is influenced either positively or negatively by the level
of positivity person y expressed in her speaking turn, and person y’s subsequent
trajectory is influenced either positively or negatively by the level of positivity person
x expressed in his speaking turn, and so on, back and forth.

A further level of complexity was introduced to accommodate the finding that
negative comments are more detrimental than positive comments are supportive.
This is accommodated by a bilinear influence function which includes a threshold k,
whereby content with positivity below k (e.g., all negative statements) has a specific
amount of influence, c1a, while content with positivity above k (e.g., all positive
statements) has a different amount of influence, c2a. Formally,

f1(y, x) = c1ay when y ≤ k1 and f1(y, x) = c1by when y > k1 and

f2(x, y) = c2ax when x ≤ k2 and f2(x, y) = c2bx when x > k2.

In practice, both bilinear (2-part spline functions) and ogive (step functions), and
combined bilinear-ogive functions are used to articulate a wide variety of theoreti-
cally interesting influence functions (see Madhyastha et al. 2011). The mathematical
models based on these functions have been used very successfully to obtain quali-
tative and quantitative descriptions of the dynamics of couples’ marital interactions
that are both associated with relationship satisfaction and predictive of dissolution
(Gottman et al., 2002a).

Two quick notes about how Gottman and colleagues’model is constructed. (1) The
model translates a very straightforward theory about how the two members of a dyad
influence one another into a mathematical form. In this case, the influence functions
operationalize pure other-focused regulation and not co-regulation (as we described
earlier). That is, dx is only influenced by the other person’s behavior (y), rather than
by the product of both partners’ behavior (y*x) as in the biological models above.
Given the micro-time scale being examined, this makes sense. (2) The threshold
parameter, k, is an important aspect of the system that may differ across individuals
and across family members. Each individual has his or her own threshold, and these
differences in tolerance for or perception of negativity contribute to how the dynamics
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of the conversation unfold (Gottman et al. 1999). In sum, the influence function is
the key aspect of the model that can be used to operationalize specific theories about
how family members influence one another. Expanding the vocabulary of mutual
influences beyond the simple forms of commensalism, mutualism, parasitism, and
competition noted above (Murray 2002; Stadler and Dixon 2008), many theories can
be articulated precisely within the mathematical model.

For example, Felmlee and Greenberg (Felmlee 2007; Felmlee and Greenberg
1999), wrote out a set of influence functions that emphasize the importance the degree
of congruence between family members’states plays in system-level functioning. The
influence functions were articulated as

f1(y, x) = ± c1(y − x), and

f2(x, y) = ± c2(x − y),

with c1 and c2 indicating the extent to which differences between partner’s states drive
each person’s behavioral change. In contrast to the Gottman models articulating a
pure other-focused regulation based solely on the other person’s state (e.g., y), these
dyad-focused influence functions explicitly incorporate dyad-level variables (e.g.,
y − x) that quantify the distance between individuals’ states. Holding the other
parts of the model fixed (e.g., when the as and bs = 0), a positive c1 parameter
indicates person x tends to act in ways that decrease the distance between him and his
partner’s states (e.g., emotions). When the c2 parameter is also positive both partners’
trajectories tend to move toward each other. In contrast, negative parameters indicate
divergence of partners over time. And, a parameter of zero indicates a tendency for
independent and uninfluenced change.

Note that the specific influence functions used here, which are based on dyad-
level differences (x − y) rather than dyad-level products (xy), were conceptualized for
specific kinds of behavior, such as the balance between partner’s physical (exercise)
and social (# of phone calls) activities. Thus, they are not equivalent to the biological
models, and likely do not map directly to the taxonomy of interspecies interactions
and population dynamics. Instead, Felmlee (2007) purposively used the modeling
framework (a, b and c parameters) to describe a rich typology of dyads’ potential
dynamics; independents, dependents, cooperatives, reactionaries, etc. Fitting these
models to data obtained in a micro-longitudinal study of relationship partners’ daily
emotional states (similar to the data used in our forthcoming example), Ferrer and
Steele (2012) confirmed that the hypothesized typology of couples articulated by the
model was indeed related to relationship satisfaction and dissolution.

More generally, all the models above translate precise theory about how partner’s
behavior or congruence between family members’ behavior drives the on-going dy-
namics of the system into a mathematical form that then allows that theory to be
tested against empirical data (for alternative frameworks see Boker and Laurenceau
2006; Butner et al. 2005; Butner et al. 2007; Chow et al. 2010; Ferrer and Nessel-
roade 2003; Sbarra and Ferrer 2006; Steele and Ferrer 2011). Many more influence
functions can be formulated and the work easily extended to reflect the many nuances
of family interaction (e.g., Liebovitch et al. 2010).
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Data: Empirical Example

To illustrate how the nonlinear dynamic modeling framework outlined above can
be used to describe both the ongoing dynamics of a family system and changes
in those dynamics, we collected a set of EMA data from a White, heterosexual,
married couple around the time of the birth of their first child. Using nonlinear
dynamic models we describe (a) the dynamic processes (e.g., homeostasis, self-
focused regulation and dyad-focused regulation) within a dyadic family system, and
(b) changes in those dynamics that occurred in conjunction with passage through a
developmental transition.

The study of both family dynamics and change in family dynamics was facilitated
by a multiple-time-scale study design (see Nesselroade 1991; Ram and Gerstorf
2009) wherein multiple reports or assessments were obtained over a relatively short
span of time (e.g., 3 weeks of EMA) during multiple “bursts” of measurement ob-
tained at more widely spaced intervals (e.g., years of longitudinal panel) or in different
stages of development (e.g., before and after the transition to parenthood). Repeated
measures obtained within-burst provide for observation of dynamic process (self-
stabilization). Comparison across bursts provides for observation of family-level
adaptations to the transition (self-organization).

Data Collection. For 23 consecutive days, the two members of the couple reported
on their interpersonal interactions as they went about their daily lives. Specifically,
immediately after face-to-face interactions (of longer than 5 min) the husband and
wife used separate smartphone-based survey applications to provide independent
ratings of the interaction (location, duration, quality) and their emotional states
(e.g., happy, sad). Then, this family system went through a major developmental
transition—and a “natural experiment” was born (a daughter). Ten days after the
birth of the child, the couple resumed reporting about their interpersonal interactions
for 42 more days. In total the couple provided reports about 103 interactions, 47
during the pre-baby burst (between 1 and 4 reports per day; Median = 2, SD = 0.69),
and 56 during the post-baby burst (0 to 2 per day; Median = 2, SD = 0.54). Here,
we make use of responses to the items “How HAPPY do you feel?” and “How SAD
do you feel?” each rated using a “touch point continuum” slider-type interface that
was digitally coded on a 0−100 scale.

Data Preparation. By design, the couple’s reports were provided at unequally
spaced intervals reflecting the natural occurrence and time spacing of interactions.
To facilitate analyses, the data were pre-processed using usual time-series techniques
(see Ramsey et al. 2009; Shumway and Stoffer 2006). First, data for the small amount
of days on which no reports were provided were interpolated using third-order local
splines (1 point per day). Then, the time series of repeated measures from each
burst were smoothed using third-order local splines, with knots placed at 1.0 and
1.2 day intervals for the pre-baby and post-baby bursts, respectively, and resampled
at 100 equidistant points. The main objective of the pre-processing was to reduce
some of the noise in the data while still maintaining a relatively precise picture of
the nonlinear progression of each individual’s feelings across time. A few general
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Pre-Transi on Post-Transi on

Days

Pre-Transi on Post-Transi on

Days

Fig. 2.1 Raw data from husband’s (black) and wife’s (red) reports of happy (top panel) and sad
(bottom panel) during two bursts of data collection (pre-baby and post-baby)

features can be noted in Fig. 2.1. Overall, the husband’s time series (black lines) was
characterized by lower mean level and higher variance in happy than the wife’s time
series (red lines). As well, for both the husband and the wife, there were differences
in mean levels and variance between the pre-baby and post-baby periods. While the
differences in these dynamic characteristics are interesting in their own right (see
Ram and Gerstorf 2009), our main interest here was in describing the dynamics of the
family system. Thus, we set these differences aside by standardizing each time-series
to a Mean = 0 and SD = 1. This removes the “distraction” of needing to interpret
the usual “static” features of the time-series, keeps us focused on the dynamics, and
allows for easy comparison of those dynamics across bursts and persons.
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Model formulation. Our interest was to use the nonlinear dynamic modeling
framework outlined above to describe the dynamics of the dyad’s emotions during
each burst (pre- and post-baby) and to identify any qualitative differences in those
dynamics between the two bursts. Following the Ferrer and Steele (2012) work, we
formulated a model based on the Felmlee (2007) influence functions. Specifically,
the following model was fit separately to the dyad’s happy and sad time-series for
each burst:

dx

dt
= a1 + b1x ± c1(y − x)

dy

dt
= a2 + b2y ± c2(x − y)

The a1 (and a2) parameter indicates the husband’s (and wife’s) trajectory at equi-
librium, when personal and partner’s influences are assumed absent. Positive scores
on a1 and a2 indicate a tendency to remain on an increasing trajectory; negative
scores indicate a tendency to remain on a decreasing trajectory; and zero scores in-
dicate a tendency to remain at rest. The b1 (and b2) parameter indicates the extent to
which the husband’s (and wife’s) trajectory is prone to change from endogenous in-
fluences. Positive scores indicate a tendency for escalation or movement away from
equilibrium; negative scores indicate a tendency for inhibition or movement towards
the equilibrium. The c1 (and c2) parameter indicates the extent to which husband’s
(wife’s) trajectory is influenced exogenously by the imbalance between partners’
emotional states (e.g., levels of happy). A positive parameter indicates a tendency
to regulate or be regulated toward the partner’s score, and a negative parameter in-
dicates a tendency to push or be pushed further away from the partner’s score. Note
that because the influence function is based on the difference score between the two
people, it is not possible to infer whether one or the other member of the dyad is
doing the “pulling” or “pushing”. Rather, these parameters should be interpreted as
family-level parameters that describe the dyadic system as a whole rather than a sum
of the parts (Minuchin 1985).

Model fitting. Four models [2 bursts (pre-baby, post-baby) x 2 emotions (happy,
sad)] were fitted to time-series data using SAS PROC MODEL, a flexible and general
purpose procedure for fitting systems of non-linear differential equations to time-
series data and/or simulating data from those equations (e.g., Erdman and Morelock
1996). In brief, the procedure numerically integrates the system of equations using
a variable order, variable step-size, backwards difference scheme, and then fits the
integral to the data using full information maximum likelihood (or another chosen
estimation method) to account for dependence in the error structure due to the si-
multaneous equation modeling (see SAS documentation and Steele et al. (in press),
for further details). Of note, given the didactic nature of our example we have not
evaluated the statistical tests of whether each parameter is significantly different
than zero, made comparisons among competing models (using model fit indices),
nor evaluated the specific influences our arbitrary choice of 100-occasion (vs. 50-
occasion) resampling within burst has on the results. Rather, we use the example to
demonstrate how the general framework of nonlinear dynamic models might be used
to articulate family systems theory.
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Results and Interpretation. Estimated parameters from the four models are re-
ported in Table 2.1. Here we provide a detailed interpretation of the dynamics of the
dyad’s happiness during the pre- and post-baby periods (top section of Table 2.1).
The parameters describing the husband’s dynamics were a1 =−0.006, b1 =−1.474,
and c1 = −0.971. The near zero a1 parameter indicates that the husband tended
toward a non-changing, near zero, resting-state equilibrium. The large negative b1

parameter indicates a strong self-focused regulatory tendency, such that deviations
above or below equilibrium induced a change towards his set-point. The negative
c1 parameter indicates the tendency for dyad-focused regulation; specifically, a ten-
dency to move away from his wife’s mood. Following occasions when the wife is
happier, (y − x) > 0, the husband’s happiness would decrease. In complement, on the
occasions when the wife is less happy, (y − x) < 0, the husband’s happiness would
tend to increase, perhaps, in the attempt to cheer her up. In comparison, parameters
describing the wife’s dynamics were estimated to be a2 = −0.011, b2 = −0.539,
and c2 = +0.509. As before, the near zero a2 parameter indicated that the wife
tended toward a non-changing, near zero, resting state equilibrium. The negative b2

parameter indicates a self-regulatory tendency, such that deviations above or below
equilibrium induced change towards her set-point. The positive c2 parameter indi-
cates a tendency to move toward the husband’s mood. If the husband was happier
than the wife, (x − y)>0, the wife’s happiness would tend to increase and vice versa.
If the husband was less happy than the wife, (x − y)<0, the wife’s happiness would
tend to decrease.

After the developmental transition, the dynamics were different. The parameter
describing the husband’s equilibrium state stayed near zero, a1 = −0.006. The self-
regulatory parameter substantially decreased, b1 = −0.260, indicating a weaker
self-focused regulatory mechanism following childbirth. The influence parameter
changed sign to positive and decreased in magnitude, c1 = +0.232, indicating a
switch in the husband’s dyad-focused regulation–a tendency to move toward (rather
than away from) his wife’s mood. The parameters describing the wife’s dynamics
are also somewhat different. The near-zero equilibrium is similar, a2 = +0.011, but
there is a stronger self-focused regulatory tendency, b2 = −0.905, and, perhaps in
coordination with the husband, a complementary change in sign for c2 = −0.500.
In the post-baby period, the wife has the tendency to move away from the husband’s
mood, perhaps either to retain happiness of equilibrium or try to cheer him up.

The estimated model parameters governing the dynamics of happiness during
the pre- and post-baby bursts were used to simulate scenarios of dyadic reactions
under a variety of hypothetical perturbations (e.g., emotions perturbed far away from
equilibrium, close to equilibrium). One of these many scenarios is visually depicted
in the upper panel of Fig. 2.2. In the left, pre-baby panel, we see the dyad progressing
along at equilibrium until time = 0, when an event (external or internal) perturbs the
system driving the partners into different states (husband lower than equilibrium,
wife higher than equilibrium). After the perturbation we see how the coordinated
pulling and pushing of self-focused and dyad-focused influences bring the dyad
back to homeostasis in about 4 time steps (arbitrary scaling). As can be seen in the
right panel, the same perturbation in the post-baby period emphasizes the change in
the dynamics. In the post-baby period, the dyad does not reach mutual equilibrium
until about the seventh time step.
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Pre-Transi on:
Happy

Post-Transi on:
Happy

Pre-Transi on: Sad Post-Transi on: Sad

Fig. 2.2 Response simulations of husband’s (black) and wife’s (red) changes in happy (top panel)
and sad (bottom panel) during the pre-baby and post-baby periods

Estimated parameters from the pre- and post-baby models of the dynamics of
sadness are reported in the lower section of Table 2.1. Briefly, the pre-baby pe-
riod was characterized by a tendency for increases in sadness for both the husband
(a1 = 0.379) and the wife (a2 = 0.282) and seen as upward sloping lines prior to the
perturbation in the lower panel of Fig. 2.2. However, there was also a good amount
of self-regulatory pressure in the system. When sadness was higher, both partners
down-regulated towards the personal equilibrium (b1 = −0.479 and b2 = −1.04).
Influence of the impact of differences in levels of sadness between partners on the
rate of change was evident for the wife (c2 = −0.224) but not for the husband
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(c1 = −0.039). The dynamics were somewhat different in the post-baby period.
The dyad’s homeostasis no longer included any evidence of upward trajectories of
sadness. The uninfluenced trajectories had shifted towards zero for both partners
(a1 = −0.007 and a2 = −0.029). As well, the husband’s self-regulation was weaker
(b1 = 0.091) than in the pre-baby period, whereas the wife’s self-regulation re-
mained strong and negative (b2 = −1.077), indicating a tendency to return to her
homeostasis. Finally, the effect of mood differences on the husband’s tendency to
change became positive (c1 = 0.33), while the wife’s continued to be negative and
doubled in magnitude (b1 = −0.505). We briefly note that individuals’ emotion
regulation is often described as a process that depends on individual set points and
homeostatic strategies (roughly corresponding to a1, a2) (Forgas and Ciarrochi 2002)
regulatory skill and/or endogenous influences (b1, b2) (Larsen and Prizmic 2005),
and sensitivity to environmental cues (such as empathy based on others’ emotions)
and/or exogenous influences (c1, c2) (Gross and Thompson 2005). Thus, the math-
ematical models may provide a robust framework for integrating knowledge about
the specific phenomena with family systems theory.

Discussion

Systems theory is a useful epistemological approach to study small and large systems,
such as family units, that naturally arise in biological and social environments. In
biology, systems theory has been used successfully as both a theoretical foundation
and to formulate methods for modeling a wide variety of individual-, population-,
and community-level phenomena (Begon et al. 1996; Murray 2002). In social sci-
ences, many theorists have noted the parallels between biological units and social
units and elaborated how individuals function within context and have direct and
indirect impacts on each other’s actions and feelings (e.g., Ford and Lerner 1992;
Gottlieb 1997; Sameroff 1994; Schneirla 1957; Werner 1957). As technological ad-
vances in mobile computing provide for easy collection of intensive longitudinal
data (e.g., via smartphones) and advances in computing speed provide capacity for
numerical estimation of highly complex models, there are many new opportunities to
study family dynamics. The goal of this chapter was to review the basic framework
of nonlinear dynamic models that is being used in the ecology (following Wohlwill’s
1991, recommendation) and illustrate how it can be used to articulate and model
intra-family dynamics.

Theory, Method, and Data

For many decades, systems theory was far ahead of the available methodology.
We simply did not have the data or statistical procedures needed to render the the-
ory operational. In recent decades, both barriers have been successfully overcome.
Technological innovations allow for frequent (and often unobtrusive) assessment of
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humans behavior, physiology, and psychological states in natural settings (Bolger
et al. 2003; Stone et al. 2007). As illustrated here, the many-occasion, multivariate
time-series data suitable for studying the dynamics of change can be obtained. Many
of the analytical tools needed to estimate nonlinear dynamic models are now avail-
able, even within typically used statistical software (e.g., PROC MODEL in SAS,
CollocInfer package in R) (Ramsay et al. 2007).

In fact, these tools, and the rates at which social network and other on-line data are
obtained suggest that the data collection methods and analytical methods are now
ahead of theory. In the last decade, a few groups have demonstrated the viability
of using the precision of the mathematical framework underlying nonlinear dy-
namic systems for both theorizing and studying family systems (e.g., work by Boker,
Gottman, Felmlee, Ferrer, Laurenceau). The results from these efforts are exciting,
especially in that their utility for making long-term predictions about tangible and
important outcomes (e.g. family dissolution) has been convincingly demonstrated.

Research Questions

Our exploration of theory and empirical modeling highlight how integration of dy-
namic systems principles and dynamic modeling leads into new directions for basic
and applied family research. As seen in our empirical example, the framework re-
veals a detailed landscape of family change and captures several levels of transition.
Using data collected in a multiple-time-scale study design, we were able to model
both family dynamics during a specific micro-time frame (within the pre-baby pe-
riod) and change in family dynamics across a developmental transition (pre- vs.
post-baby). More generally, the dynamic systems framework is extremely useful in
that it allows for modeling change over many time scales, from change across the
course of a single conversation (á la Gottman) to change across the course of a re-
lationship or the entire life span of a family system. As well, the framework can be
used to model many different types of family systems and behaviors. We used two
coupled equations to model the dynamics of specific emotions within a dyad (á la
Felmlee and Ferrer), but the model is easily extended to include more individuals (by
adding more equations) or adapted for use with other behaviors (by incorporating
different influence functions). That the framework is used by ecologists to model
system-level changes in animal populations suggests that it may also have utility for
demographers modeling demographic changes in family structure. In sum, we see
that the dynamic systems framework reviewed here might be used to investigate a
wide variety of family-oriented research questions.

Research Methods

Our exploration of theory and empirical modeling also highlighted some of the ways
that the basic modeling framework might be extended. For example, an interesting
and important extension would be to use the model to predict relational transitions.
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Repeated sampling bursts over longer time periods may reveal shifts in the dynam-
ics (attractor patterns) that may have important implications for tangible outcomes,
including relationship formation and dissolution, risk of maltreatment and, more
generally family health and well-being. Identifying shifts may be particularly infor-
mative in marital or family therapy in terms of identifying the specific events that are
strong triggers for positive or negative changes in a couple or in family dynamics.
From a modeling perspective, this requires modeling how the parameters describing
the dynamics (attractors) change over time. In our empirical example, we modeled
the pre- and post-baby periods separately to examine a qualitative change in the
parameters. Other forms of dynamic modeling (e.g., state-space grids) have also
been used to model qualitative shifts in individual and dyadic development over time
(Granic et al. 2003; Lewis et al. 2004; van Dijk and van Geert 2007). With some
work, all of these methods might be extended to include time-varying parameters, so
as to continuously track how the parameters describing the family dynamic evolve
over time, and or shift in relation to specific events (Chow et al. 2011; Molenaar
and Ram 2010; Tan et al.2011). Such extensions might then be used prospectively
to identify periods of transition and/or risk in romantic relationships, parental func-
tioning, friendships, and other systems. Not yet known, though, are the number and
spacing of assessments needed for such evaluations (for discussion, see Collins 2006;
Ram and Gerstorf 2009; Shiyko and Ram 2011).

Our empirical example highlighted how nonlinear dynamic models can be ap-
plied to time-series data to describe the dynamics of a dyadic system. Data from
multiple systems would offer additional opportunities for describing inter-system
(e.g., between-couple) similarities and differences that might also be examined in
relation to other inter-system differences (e.g., demographics, relationship history).
Placing the models within a multilevel modeling framework that allows for simul-
taneous examination of within-system change and between-system differences is
relatively straightforward (Boker and Laurenceau 2006; Chow et al. 2010). Given
that a primary area of interest for family researchers and practitioners is understand-
ing why maladaptive relationships are resistant to change, such an approach may
shine additional light on patterns of resistance and potential for intervention.

Conclusion

The success of the modeling approach is rooted in the explicit articulation of families
as dynamic entities that interact in complex ways—as systems. Nonlinear dynamic
models, such as those used here, focus on change, rather than focusing on where a
person or family happens to be located at a particular or arbitrary moment in time.
The “outcomes” in the models are derivatives, rates of change and acceleration, and
thus focus inquiry on the dynamics of change. Individuals in the same family are
modeled simultaneously, recognizing both their organismic continuity and reciprocal
relations. These ideas have been discussed in family systems theory for decades. Now
we have the tools and opportunity to write them down in a precise mathematical form
that allows them to be tested against empirical data. We look forward to what emerges!
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