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Abstract
Network science has allowed varied scientific fields
to investigate and visualize complex relations
between many variables, and psychology research
has begun to adopt a network perspective. In this
paper, we consider how leaving behind reductionist
approaches and instead embracing a network per-
spective can advance the field of parental burnout.
Although research into parental burnout is in its
early stages, we argue that a network approach
to parental burnout could set the scene for radi-
cally new vistas in parental burnout research. We
claim that such an approach can allow simulta-
neous investigations (and clear visualizations) of
many variables related to parental burnout and
their interactions, integrates smoothly with prior
family systems theories, and prioritizes dynamic
research questions. We likewise discuss potential
future clinical applications, such as interventions
targeting central nodes and treatment personalized
to a specific family’s network system. We also review
practical considerations, limitations, and future
directions for researchers interested in applying a
network approach to parental burnout research.
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“I think the next [21st] century will be the century of complexity.”

— Stephen Hawking (2000)
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For decades, science has attempted to understand the world by boiling concepts down to
their simplest components, such as searching for a singular biological element or straight-
forward model to account for complex psychological processes (Barabási, 2012, 2016). Yet,
this quest for reductionism has fallen short. Scientists from different fields have repeatedly
discovered that complex systems work together to generate ecological, social, human, and
biological processes, and that singular components or simple models cannot adequately
explain these complex systems. There is now a move to map the world’s complexities using
a network approach, visualizing any system as a network to allow scientists to understand
how a system’s many components interact. This network takeover has only become pos-
sible in the last few decades, with growing computational power, and many fields have
adopted this network science to map their systems of interest.

Clinical psychology research has started to embrace this perspective as well, concep-
tualizing psychological constructs as dynamic interacting networks of symptoms (for
conceptual discussion, see Borsboom, 2017; Borsboom & Cramer, 2013; for systematic
reviews, see Contreras, Nieto, Valiente, Espinosa, & Vazquez, 2019; Robinaugh, Hoekstra,
Toner, & Borsboom, 2019). In this approach, a network depicts a mental disorder, with
symptoms represented as “nodes,” and the associations between symptoms represented as
edges connecting them (see Figure 1B). This allows researchers to observe many symptoms
simultaneously and investigate how they interact together and (reciprocally) influence
one another. Beyond mere symptoms, if researchers are interested in how symptoms
interact with relevant contextual variables (e.g., environmental variables such as daily life
stressors) or individual variables (such as self-beliefs, emotion regulation processes, or
neurocognitive mechanisms), they can represent these as nodes in the network as well
(for a discussion, see Jones, Heeren, & McNally, 2017; for recent empirical examples, see
Bernstein, Heeren, & McNally, 2020; Heeren, Bernstein, & McNally, 2020; Kraft et al., 2019;
Weiss, Contractor, Raudales, Greene, & Short, 2020). Adopting a network approach has
theoretical implications for how we understand mental disorders. In a traditional latent
model (see Figure 1A), mental disorders are viewed as latent (or underlying) variables that
cause their symptoms (Borsboom, 2008). For example, the entity of “depression” would

F I G U R E 1 Comparing latent versus network approaches to mental disorders. Panel A: When representing
a mental disorder from a traditional latent approach, the mental disorder is conceptualized as a latent variable
that causes all of it symptoms, and the symptoms usually do not influence each other. Panel B: When represent-
ing a mental disorder from a network approach, the mental disorder is a network made up of its symptoms: each
symptom is a node, and the associations between symptoms are represented as edges (lines). In this represen-
tation, the edges are directed, with an arrow signifying the direction of influence between nodes. Inspired from
“Commentary: A Network Theory of Mental Disorders,” by P. J. Jones, A. Heeren, & R. McNally, 2017, Frontiers in
Psychology, 8, p. 2
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cause fatigue, sleep problems, loss of interest, and other symptoms, and these symptoms
would not influence one another (Borsboom & Cramer, 2013; Schmittmann et al., 2013).
Indeed, when statistically modeling the relationship between a hypothesized latent vari-
able and a set of its indicators, it is mathematically assumed that the observable indicators
cannot be directly related—a phenomenon called the assumption of local/conditional
independence (for further discussion and mathematical details, see Borsboom, 2008;
Holland & Rosenbaum, 1986; Junker & Sijtsma, 2001; but see Bringmann & Eronen, 2018
for a discussion on the blurred boundaries between latent and network models). However,
in most cases, psychopathology symptoms not only interact (i.e., sleep problems leading
to fatigue), but their interactions could be crucial to understanding how the disorder
develops and maintains (e.g., if fatigue leads to depressed mood and loss of interest,
which then lead to more sleep problems, this would be a feedback loop maintaining these
symptoms; Borsboom & Cramer, 2013). A network approach embraces these complex
dynamics of mental disorders by focusing on symptoms and their interactions, allowing
researchers to visualize all symptom interactions at once. For a visual contrast between a
traditional latent approach and a network approach, see Figure 1.

Capitalizing on tools developed in network science, researchers can also identify the cen-
tral nodes (or most essential components) that drive a network system: central nodes are
closely connected to the entire network,1 and so can more easily influence other nodes
(Borgatti, 2005; McNally, 2016; Opsahl, Agneessens, & Skvoretz, 2010). In psychopathol-
ogy networks, this can have clinical implications. Treating a highly central node (such as
through a targeted intervention) could beneficially cascade through the psychopathol-
ogy network system, dampening the activation of other nodes (Fried et al., 2017; McNally,
2016). Yet, this conjecture rests on the assumption that one can deactivate a network’s
nodes in a specific, isolated fashion. It is possible that such specific targeting may be very
difficult to achieve in practice (i.e., while aiming to target a given node, several nodes might
be directly affected at once, not just the node of interest; for a discussion, see Valente, 2012).
Nonetheless, a network approach invites promising new paradigms for clinical practice
and treatment.

Network science can thus contribute to many fields, especially those that conceptu-
alize their subject as a network without coordinated statistical tools; one key example
involves family studies. The commonly termed “systemic” approach (e.g., Jackson, 1965;
Minuchin, 1974; for an overview, see Dallos & Draper, 2010) has theoretically prevailed
for years in family research and therapy. This approach holds that to understand an indi-
vidual’s cognitions and behaviors also requires understanding the individual as embed-
ded within a context and examining how that individual affects and responds to others
in their family system (e.g., Bavelas & Segal, 1982; Watzlawick, Bavelas, & Jackson, 1967).
However, although psychological theory and therapy (e.g., Sydow, Retzlaff, Beher, Haun, &
Schweitzer, 2013) have approached family processes as a dynamic network system (e.g.,
Bavelas & Segal, 1982; Watzlawick et al., 1967), the ability to perform analogous statisti-
cal analyses remained limited. With the recent intense development in network science,
though, there now exists both the computational capability and the mathematical tools to
study the family as an actual dynamic network system.

1 There are a number of ways to define a node’s centrality. The most common centrality indices for psychology research include
strength (i.e., the sum of the absolute edge weights that connect to that specific node), expected influence (similar but takes the
positive or negative valence of the edge into account instead of the absolute value), closeness (i.e., captures the average distance
of a node from all other nodes in the network, and is computed from the inverse of the weighted sum of shortest path lengths
connecting a specific node to all other nodes in the network), and betweenness (i.e., the number of times a node lies on the
shortest path connecting two other nodes). For more information on centrality measures, see Bringmann et al. (2019), McNally
(2016) and Opsahl, Agneessens, and Skvoretz (2010).
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Parental burnout is a prime candidate to represent and investigate using a network
approach, as parental burnout is inextricable from its family system. Parental burnout
involves emotional exhaustion, emotional distance from one’s children, feeling fed up as
a parent, and a sense of contrast with the previous ideal parental self (Roskam, Brianda, &
Mikolajczak, 2018; for more in-depth details, see Mikolajczak & Roskam, 2020). The current
research framework posits that parental burnout occurs when parents chronically lack the
parenting resources needed to cope with their specific parenting-related stressors (Miko-
lajczak & Roskam, 2018). What resources parents can access vary: from adequate financial
resources to emotional resources, including social support, a cooperative co-parent, and
sufficient leisure time (Mikolajczak, Raes, Avalosse, & Roskam, 2018). Parenting stressors
can include anything from having multiple very young children, striving to be a perfect
parent, or living with family disorganization (Mikolajczak et al., 2018). The particularities
of each family and each parent combine to form their specific parenting risks and resources
(which can vary culturally; Mikolajczak & Roskam, 2018), and so by its very nature, parental
burnout cannot be separated from its specific family context.

On a conceptual level, a network approach to parental burnout prioritizes the view
that parental burnout emerges through the interactions of its constitutive elements
(Schmittmann et al., 2013). This view dovetails with the foremost theoretical framework
to explain parental burnout, which specifically emphasizes that a variety of family-specific
factors (categorized as either “risks” or “resources,” as mentioned above) combine over
time and eventually result in a full-blown episode of parental burnout (Mikolajczak &
Roskam, 2018). Current research therefore frames the development and persistence of
parental burnout as an accumulation of stressors without adequate resources to compen-
sate, and thus rooted in the parent’s immediate and extended context (e.g., their relation-
ship with their spouse, their support network, their personality, their ability to regulate
emotions and stress, the needs of their children, their financial situation). Therefore, a net-
work model suits this theoretical framework of parental burnout exceptionally well, since
network theory similarly posits that parental burnout arises through the interactions of
its constitutive components (e.g., symptoms, family context, and external support). More-
over, although research into parental burnout is still in early stages (starting in earnest with
Roskam, Raes, & Mikolajczak, 2017), most research currently available assesses parental
burnout as a unified latent construct. This loses valuable information by collapsing the dif-
ferent features of parental burnout into one sum score and ignoring any possibility that
these distinct features could interact with the family system in different ways. Interestingly,
practitioners know from experience that the different components of parental burnout
interact with one another (e.g., the frequency of experiencing emotional exhaustion may
increase the frequency of emotional distance, and vice versa; the frequency of feeling inef-
ficient as a parent may foster emotional distance, and vice versa).

Not surprisingly, the only network analysis of parental burnout thus far published (Blan-
chard, Roskam, Mikolajczak, & Heeren, 2020) supports this idea: the features of parental
burnout do interact in different ways with family-related variables. In this large cross-
sectional network analysis (n = 1551), the authors (Blanchard et al., 2020) investigated
the interactions between the three components of the parental burnout inventory (dis-
tance, exhaustion, and parental inefficacy; Roskam et al., 2017), as well as marital problems
(specifically conflicts and estrangement) and child maltreatment (precisely neglect and
violence). The study found that emotional distance was highly central, meaning it emerged
as the most influential node in the network system. In particular, emotional distance was
strongly connected with the other parental burnout features, but also with neglectful and
violent behaviors toward children. These observations propose emotional distance as a key
variable that maintains parental burnout within the family system, and that specifically
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seems tied to many of the negative consequences toward the children. In brief, this study
demonstrates how a network approach can pinpoint which features of parental burnout
interact with the detrimental consequences for the family system, while also generating
hypotheses for how parental burnout might develop and persist.

This network study demonstrated the usefulness of investigating parental burnout
within its family context and focusing on its components, but to confirm and further inves-
tigate how parental burnout operates within a family system requires investigating the tem-
poral relationships between variables. Temporal networks can be used to assess and visual-
ize how parental burnout components evolve over time within their family system. These
networks include directed edges (i.e., connections between nodes where the direction of
temporal influence is marked with an arrow; for an illustration, see Figure 1B), thus illus-
trating how variables impact each other over time, mapping one-way or reciprocal influ-
ences as well as multi-component feedback loops (Bringmann et al., 2013). Temporal net-
works have previously been used to investigate, among other things, direct and indirect
connections between depression symptoms (Bringmann, Lemmens, Huibers, Borsboom,
& Tuerlinckx, 2015); to investigate the role daily stress plays in the frequency and per-
sistence of psychotic experiences (Klippel et al., 2018); to examine how startle response,
avoidance, blame, and negative emotions influence PTSD symptomatology at the next
timepoint (Greene, Gelkopf, Epskamp, & Fried, 2018); and to disentangle how fatigue,
loneliness, passive social media use, and depressive symptoms temporally influence one
another (Aalbers, McNally, Heeren, de Wit, & Fried, 2018).

Estimating temporal networks requires intensive time-series data such as experience
sampling measurements (ESM), which involves assessing relevant variables once or mul-
tiple times a day over a long period of time (Palmier-Claus et al., 2011). This type of dense
time-series data would be particularly relevant when studying parenting, since the subjec-
tive experience of parenting may frequently change due to shifts in parents’ and children’s
behavior and changing contextual factors. Time-series data also suits investigations into
parental burnout, which is theorized to develop through a chronic imbalance between par-
enting risks and resources, worsening with time (Mikolajczak & Roskam, 2018). Therefore, a
network approach invites systemic questions about parental burnout: What are the central
components in a time-lagged parental burnout network? What are the key feedback loops?
Which family-related variables influence which parental burnout features, and vice versa?
All of which distills into the fundamental dynamic questions: Why and how does parental
burnout develop and persist?

A network perspective also offers intriguing opportunities to incorporate within clinical
practice. For example, central nodes have been empirically linked with the prognosis of
eating disorders (Elliott, Jones, & Schmidt, 2019) and post-traumatic stress disorder (Pap-
ini, Rubin, Telch, Smits, & Hien, 2020). The mathematical notion of preferential attach-
ment also supports that central nodes are key to how a network develops, positing that
newly activated nodes connect to highly connected nodes first (Barabási & Albert, 1999).
Since central nodes are closely connected with many other nodes, researchers have theo-
rized that turning off a central node (such as through a targeted intervention) could lead
to a beneficial cascade, deactivating nodes throughout the entire network (McNally, 2016).
Unfortunately, no experimental manipulations have yet tested this hypothesis (Robinaugh
et al., 2019). Moreover, psychometricians advise caution when interpreting centrality met-
rics (Bringmann et al., 2019), but the clinical relevance of central nodes remains an intrigu-
ing topic for future research. To give an example relevant to parental burnout, if future
research confirms that emotional distance is central to parental burnout networks, then
clinicians could aim to specifically reduce parents’ emotional distance toward their chil-
dren, potentially through mental imagery exercises such as imagery rescripting (Blackwell,
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2019; Holmes & Mathews, 2010). Since we found that emotional distance was strongly con-
nected to the other parental burnout features as well as child maltreatment (Blanchard
et al., 2020), this targeted intervention should diminish these variables as well.

Another promising clinical tool is idiographic networks, which are temporal networks
generated from ESM data for just one person, allowing both the patient and the therapist a
visual, personalized window into the patient’s daily experiences (Epskamp et al., 2018; for
applied examples, see Bak, Drukker, Hasmi, & Van Jim, 2016; David, Marshall, Evanovich,
& Mumma, 2018). Thus, these personalized networks offer the potential to guide clinical
practice by highlighting nodes that are central to that individual’s network, as well as per-
sonalized clinical pathways that could be pursued during treatment (Epskamp et al., 2018).
Although widespread adoption of personalized symptom networks in therapy is not imme-
diately applicable, as they still require additional clinical validation and methodological
refinements (Wichers, Wigman, Bringmann, & de Jonge, 2017), they offer great promise
for the near future and are already the subject of serious research interest (Epskamp et al.,
2018; Lydon-Staley, Barnett, Satterthwaite, & Bassett, 2019; for an extended discussion of
the clinical implications of such an individualized network approach, see David et al.,
2018). We further foresee the development of individualized family network modeling,
where a family records their feelings and behaviors over a period of time to generate a
visual representation of their family dynamics. There currently exist advanced methods
(using similar estimation techniques to network analyses) to examine emotion dynamics
in pairs of people (Bringmann, Ferrer, Hamaker, Borsboom, & Tuerlinckx, 2018). Integrat-
ing these methods with network analyses and extending them to multiple people (e.g., a
family) is a forthcoming possibility. We also anticipate the option of not only modeling one
individual’s network within their family context, but also modeling each individual within
a family as well as modeling the interactions between family members, by layering individ-
ualized networks within a family network (Guloksuz, Pries, & Van Os, 2017; potential statis-
tical tools include multiplex models; Shang, 2015). Individualized family networks would
grant families and clinicians personalized insight into how their family system operates.
This possibility would be helpful not only in informing parental burnout treatment but
also more broadly in informing family systems theory and its applications in therapy.

Moreover, as noted by Borsboom and Cramer (2013), techniques from the study of sud-
den transitions in ecosystems (Hirota, Holmgren, Nes, & Scheffer, 2011) may also help iden-
tify when a temporal network is on the brink of tipping into a disordered state or returning
to a mentally healthy one (for an example with depression, see van de Leemput et al., 2014).
One may thus envision adopting such techniques to identify when a family system is about
to transition into a disordered state (e.g., parental burnout) or return to a healthy one,
which could refine our understanding of resilience, recovery, and prevention on a family-
wide level.

Many of these clinical implications require additional research and validation before
they can be implemented. Therefore, we now outline some essential practical consider-
ations and further resources for researchers who wish to conduct these further network
analyses. The most straightforward way to investigate parental burnout and family
variables from a network perspective is using cross-sectional data, such as from ques-
tionnaires. Cross-sectional networks are suited to examining many variables and their
interactions at once, as well as identifying patterns or communities in the data (Gulok-
suz et al., 2017): they generate hypotheses that can be further investigated in temporal
networks. These networks are usually built from a bivariate or partial correlation matrix;
since these can include spurious relationships between nodes (represented as edges in
the network), these networks are typically regularized to minimize false positive edges
and yield a sparse network (Epskamp & Fried, 2018). Network analyses can be applied to
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binary, ordinal, or continuous data (although the data might need to be transformed or
alternate models used; for details, see Epskamp & Fried, 2018). It is important to note that
cross-sectional networks require many participants; power analyses are still rudimentary
for network analyses (Epskamp et al., 2018), but many researchers follow the rule of thumb
from SEM to include at least 10 participants per parameter (Schreiber, Nora, Stage, Barlow,
& King, 2006), meaning minimum a few hundred participants. Methods to gauge the
robustness of network analyses do exist, however. Bootstrapping methods, for example,
are typically used to estimate the stability of edge weights and centrality indices (for a
tutorial, see Epskamp, Borsboom, & Fried, 2018). Throughout the field of psychology, few
replications of network studies have been conducted, so information is still lacking on the
replicability and accuracy of network analyses. Thus, we urge researchers (including those
conducting network analyses on parental burnout) to replicate network analyses, both by
cross-validating within samples and by conducting identical analyses in different samples.

Temporal network analyses, for their part, require intensive time-series data (collected
through methods such as ESM). Temporal network analyses therefore inherit the complex-
ities of ESM data collection (Palmier-Claus et al., 2011). Examples of these complexities
include determining the optimal distance between timepoints for the measured variables,
constructing brief ESM items to accurately measure the desired variable in daily life with
sufficient variability in participants’ responses, and assessing the validity of the ESM items
and determining whether (and how) these items should be combined in analyses. Different
models exist to estimate temporal network analyses (for an overview, see Jordan, Winer, &
Salem, 2020), with the most common relying on multilevel vector autoregressive models
(mlVAR; Bringmann et al., 2013), although new models to better handle the assumptions
of temporal networks are continually being developed (e.g., Haslbeck, Bringmann, & Wal-
dorp, 2020). Temporal networks do not necessarily require large numbers of participants
(particularly if the goal is to estimate an idiographic network), but they do require many
timepoints. There are currently no standard methods to conduct power analyses for tem-
poral networks (Jordan et al., 2020). However, an open-source simulation application was
recently developed to help researchers estimate the number of timepoints their models
require (Lafit et al., 2020). Only some temporal models include methods to assess their
robustness (e.g., there are currently no bootstrapping routines developed for multilevel
models; Jordan et al., 2020), and there are currently very few replications. We hope that
additional replications and methods to assess model accuracy and robustness will be forth-
coming.

In conclusion, a network approach to parental burnout focuses on the features of
parental burnout as embedded within a specific family system and encourages dynamic
investigations using intensive time-series data. Reducing parental burnout to one isolated
syndrome—as done by most current analyses—does not fit the theoretical framework of
parental burnout, largely ignores the specific family system, and neglects how parental
burnout features interact with contextual family factors. We therefore urge researchers
(and, with the gradual clinical applications of networks, practitioners) to adopt a net-
work approach to parental burnout, particularly when their research question involves
the family context or the specific, interactive, or reciprocal influences of the different fea-
tures of parental burnout. We believe that this perspective can lead to more nuanced
insights regarding how parental burnout affects the entire family, with all its contextual
specificities. Although adopting a network approach can involve learning new analysis
techniques, numerous resources exist to introduce and explain the concepts and anal-
yses of network analyses, from simple online applications and open software (see http:
//psychosystems.org/software/) to R code tutorials (e.g., Epskamp et al., 2018; Epskamp
& Fried, 2018; Jones, Mair, & McNally, 2018). Hopefully, with continuing research on how

http://psychosystems.org/software/
http://psychosystems.org/software/
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network analyses can inform psychological treatment and targeted network interventions,
intuitive tools and clear guides for practitioners will also be freely developed and widely
disseminated.
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