
Chapter 11
Viewing Mental Health Through the Lens
of Complexity Science

David A. Katerndahl

Traditional views of mental disorders depend upon a mechanistic model which
assumes that you can study the parts and thereby understand the whole person.
Such approaches assume a linear view, in which you apply a treatment and
get a predictable response. Current concepts of classification and treatment of
mental disorders are based upon a paradigm (derived from research in mental
health settings) that symptoms can be clustered into discrete diagnostic groups
and assumes predictability of response. Because patients seeking care from mental
health professionals have more severe symptomatology, more impairment, more
psychiatric co-morbidity, and a worse disease course but less medical co-morbidity
than those in primary care settings [1, 2], we should expect that the dynamics of
their symptoms may differ as well. If mental disorders are, contrary to current
assumptions, non-linear phenomena (in which the input or magnitude of the
intervention is not proportional to the output or response) in primary care patients,
then a categorical system of diagnosis may be a “poor fit” for these patients and
recognition by rigid criteria would suffer because such phenomena are unpredictable
in their dynamics and course. Similarly, disorders with non-linear dynamics would
not respond predictably to targeted, single-agent interventions and thus practice
guidelines may not hold the same usefulness among primary care patients as they
would among those in mental health settings displaying linear dynamics.

In this chapter, we will look at mental illness from a complexity science
standpoint, noting that non-linear dynamics may be especially relevant to mentally
ill patients seen in primary care settings. Focusing on affective disorders, we will
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examine the evidence for the importance of dynamics in mental disorders. Finally,
we will re-conceptualize affective disorders from a non-linear perspective and
identify the clinical implications of such a perspective if it is borne out.

11.1 Complexity Science in Mental Health

There is a growing realization that “health” is defined by its non-linearity [3];
conversely, illness is associated with loss of variability. Thomasson and Pezard [4]
suggest that mental health and psychopathology need to be viewed on a continuum
with mental disorders representing bifurcations in mood dynamics. The exact nature
of the mood dynamics observed may depend upon the severity of illness, the
presence of resources, and social interactions. The fact that mental illness can
be controlled but not cured suggests a dynamical disease [5]. Furthermore, when
a disorder varies without an obvious cause, it suggests non-linearity resulting
from a complex interaction between endogenous and environmental factors [6].
Dynamics assessment has been applied to mood variability in specific disorders.
For example, attempts to control problematic thoughts and emotions among patients
with generalized anxiety disorder and personality disorders may produce non-linear
dynamics [7]. In addition, non-linear dynamics has been suggested as a framework
for understanding change in families [8] and family interactions [9]. Recently,
Katerndahl et al. [10] found that intimate partner violence demonstrates non-
linearity over time for most violent relationships. Both Ehlers [11] and Guastello
[12] have extolled the value of non-linear modelling in mental illness.

Even simple systems can display non-linear patterns depending upon their
constraints, resources, and interconnections [13]. Non-linear systems can change
their behavior and dynamics, moving from randomness to chaos to periodicity based
on the state of the system, decreasing the number of possible values of the system
as non-linearity decreases. An emerging belief is that, when systems are using
healthy, non-linear dynamics, they exhibit adaptability and are resistant to external
stressors that might disrupt these healthy dynamics. However, when these systems
transition into periodicity due to illness, they become predictable and amenable to
intervention, permitting physicians to treat them effectively and hopefully restore
the healthy, non-linear dynamics. These considerations then suggest that, even
though extreme variability may be detrimental within an illness (such as diabetes)
[14], overall non-linearity may be critical to health and well-being. This transition
from healthy non-linear dynamics to unhealthy linear dynamics can be understood
by realizing that non-linear systems can display a variety of dynamics, depending
upon their resources and constraints, interconnectedness, and feedback. But, as
the number of chronic medical problems increases, the patient’s resourcefulness,
flexibility, and adaptability (and, hence, non-linearity) may decrease, leading to
linear dynamics and poor overall health, and suggesting that non-linearity may
be particularly important in settings that provide care for patients with chronic
medical problems (e.g., primary care). As Fig. 11.1 shows, if we view phenomena
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Fig. 11.1 Effects of resources and constraints upon dynamics

as a continuum from linear to non-linear dynamics, the constraining nature of
disease severity, co-morbidity, and chronic stress would be expected to suppress
health trends towards non-linearity, thus leading to linear dynamics. Recovery from
anxiety states, for example, occurs at different rates, and depends upon co-morbidity
and disease severity [15]. On the other hand, social interaction and availability of
resources with resultant adaptability should encourage the development of non-
linear dynamics. Kendler et al. [16] found that familial environment determined
symptom expression in major depression. Fone et al. [17] found that poor mental
health was associated with low community cohesion and income deprivation. Thus,
the dynamics we observe in anxiety and depression may depend upon the severity
of their mental illness, chronic stress levels, and co-morbidity as well as social
connectedness and support.

11.1.1 Dynamics and Mental Illness

Understanding the dynamics of a system begins with the study of its variability
over time. Recently, mental health research has studied the dynamics and variability
(usually, standard deviation across time) of autonomic-related measures such as
heart rate, blood pressure and respiration, neurological measures such as brain
waves, and, ultimately, mood in a variety of patient groups. Although some of
these measures may appear to have little to do with mental illness, many in fact
correlate with mood or outcomes. Thus, several affective disorders in general
demonstrate decreased variability in heart rate and mood compared with healthy
individuals, and such loss of variability may be associated with poorer clinical
outcomes. Taken a step further, the degree of non-linearity in dynamics has been
evaluated in several mental disorders as well.

Recently, investigators have applied measures of non-linearity and non-linear
pattern recognition to the study of mental illness. Non-linearity has been measured
using approximate entropy (APEN) and Lyapunov exponent (LE). In addition,
the identification of attractors within time series has been sought. Finally, the
recognition of particular dynamic patterns (i.e., chaos) has been attempted in time
series of mood levels.
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APEN is an information-based measure and estimates the lack of regularity in
time series [18]. Patients with panic disorder have increased respiratory rate APEN
compared with controls [19, 20] and, in fact, paroxetine lowers this APEN [21].
Brain wave activity among depressed patients shows a reduced pre-treatment
APEN for their first episode of depression when compared with those having
recurrent depression and healthy controls [22]. Although the respiratory APEN
among panic disorder patients does not correlate with anxiety severity [20], APEN
of EEG measures does correlate with mood and response to treatment [23], and
mood APEN correlates with happiness ratings among healthy controls [24]. Thus,
APEN measures can distinguish mentally healthy from those who are ill and may
correspond to clinical outcomes.

LE, a measure of sensitivity to minor differences in starting points, has also
been used in mental health research. For example, LLE of QT intervals is lower in
controls than patients with panic disorder or major depression [25] and LE is lower
for heart rate but higher for blood pressure in those with panic disorder [26, 27].
Children with anxiety disorders [28] or panic disorder have a lower LE for heart
rate than controls [29]. Similarly, LE of respiratory measures is increased in panic
disorder [19] and paroxetine lowers these LEs [21]. Based on EEG activity, Bob
et al. [30] found increased LEs in most adults with panic disorder and controls
when asked to recall a stressful memory. In addition, SSRIs have been found
to increase LE, improving OCD and normalizing hyperactivity in the striatum
[31]. Healthy individuals uniformly display positive LEs in mood variability [32].
Increased LE in EEG activity correlates with anxiety levels [30], while LE of
mood correlates positively with hypomania and negatively with anhedonia scores
in healthy individuals [32]. As with APEN, LE measures can distinguish healthy
from mentally ill individuals and some LEs may have clinical significance.

Although few studies have attempted to study attractors, depression patterns in
bipolar patients suggest that attractors may be important. Few patients (15 %) had an
attractor in the healthy symptom range; the majority either had two attractors (35 %)
or an unstable pattern (28 %) [33]. Correlation dimension (a measure of the strength
of attractors) correlated with pleasant affect (and inversely with anhedonia) among
healthy controls [32]. Overall, EEG complexity appears to be reduced in patients
with depression [22, 34]; white matter connectivity is increased among patients with
panic disorder and connectivity correlates with panic severity [35]. Thus, unstable
attractors or strong attractors may be associated with mental disorders.

Whether looking at heart rate variability, brain wave activity, or mood change,
healthy individuals differ from those with mental disorders in the degree of non-
linearity observed. Overall, studies of HRV demonstrate similar patterns despite the
time-scale, suggesting a high degree of interdependence in heart rate [36]. As a
result, healthy individuals exhibit more chaotic patterns in heart rate but less chaotic
patterns in QT variability than those with mental illness [25], and low-dimensional
chaos in mood variability as well [32, 37]. Woyshville et al. [38] found more mood
interdependence in patients with affective instability, and Hall et al. [39] found
circadian and ultradian patterns of mood variability in both depressed and normal
patients. In fact, depressed individuals displayed patterns of combined periodicity
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and chaos in mood variability [37, 40], while controls displayed these patterns for
both heart rate and mood variability [36, 41].

11.1.2 Examining Mood Dynamics Among Primary Care
Patients with Affective Disorders

To explore the relationship between the dynamics of symptoms of anxiety and
depression in patients with newly diagnosed major depressive episode or panic
disorder, we enrolled five primary care patients each with either panic disorder,
major depressive episode or neither disorder. They were asked to record their
hourly levels of anxiety and depression using visual analog scales for 1 month.
The resultant time series were analyzed using time series analysis, state space grid
analysis, and differential structural equation modelling.

11.1.2.1 Dynamic Patterns of Anxiety/Depression

Healthy patients with neither major depression nor panic disorder demonstrated
chaotic patterns in hourly mood variability overlaying a linear (circadian) pattern,
possibly related to diurnal cortisol levels (see Fig. 11.2a). For example, the healthy
51-year-old female clerk reported a circadian pattern of mood (depression) variation
underlying chaotic hourly variation. However, mentally ill patients may lose one or
both of these dynamical components. For example, Fig. 11.2b shows the variability
in anxiety levels of a 46-year-old male patient with panic disorder who retained
his linear diurnal but lost the embedded hourly chaotic pattern, instead displaying
more linear-on-linear dynamics. His low level of education (less than high school
diploma), lack of employment, and low income further reduced his resources and
adaptability, encouraging linear dynamics. On the other hand, Fig. 11.2c shows the
variability in hourly levels of depression in a 48-year-old female patient with major
depressive episode and bronchitis; while the hourly chaotic pattern was still seen,
the linear circadian pattern was lost. Although unemployed, her college education
may have allowed her to maintain her adaptive chaotic pattern even though she has
lost her circadian cortisol levels. Hence, patients with major depression may lose
their circadian baseline while patients with panic disorder may lose their overlying
chaos [41].

In general, non-linearity in mood correlates with mental health and positive
clinical outcomes. This non-linearity may result from the combination of the pre-
dictability of periodic circadian dynamics with the responsive minute-to-minute
chaotic dynamics. Mental illness may represent an uncoupling of this combined
periodicity–chaos with selective alteration of one or both components, leading to an
overall reduction in non-linearity of mood.
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11.1.2.2 Dynamic Co-variability of Anxiety and Depression

In addition to patterns of variation for a particular mood (e.g., anxiety), emotional
state may reflect the constellation of patterns of various moods combined. In
addition, symptom levels of anxiety and depression typically are highly correlated
in cross-sectional studies. Yet, lagged correlations in time series are often non-
significant [15]. In our study, anxiety and depression were highly correlated in
healthy individuals [42], suggesting that healthy individuals may perceive these
moods as nonspecific distress [43]. However, anxiety and depression were less-
correlated in patients with either major depression or panic disorder, suggesting
that such patients perceive these moods as distinct. In addition, while healthy
controls reported few, highly stable anxiety–depression configurations (attractors),
such attractors were highly unstable in patients with major depression [42]. For
example, Fig. 11.3 shows the instability over a 4-week period of the preferred
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Fig. 11.3 Evolving preferred anxiety–depression states over a 4-week period in a 52-year-old
female with major depressive episode and multiple medical problems
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anxiety–depression mood configurations for a 52-year-old female patient with
major depressive episode, asthma, hypertension, and reflux esophagitis taking six
medications. Not only did these preferred configurations change week-to-week, but
at times they split into more than one configuration, further emphasizing mood
instability. Furthermore, while anxiety and depression levels are interdependent over
time in patients with major depression, panic disorder and controls, the accelerations
in these moods were the most interdependent [44].

Thus, the degree of coupling between symptoms of anxiety and depression may
be an important measure of co-variability. If tightly linked, then we may observe
few, but stable recurrent emotional states. If loosely coupled, we may observe many,
transiently stable emotional states.

11.2 Imperative for Change

Emotional state is a reflection of a person’s inherent mood coupled with their
response to their current environment. Toro et al. [45] suggest that cognitions,
emotions, perceptions, and behaviors depend upon CNS interconnectedness, and
that these interconnections are due to the union of an inherently non-linear system
with environmental effects. EEG coherence is lower in those with panic disorder,
reflecting decreased inter-hemispheric connectivity [46]. Similarly, although healthy
individuals demonstrate a baseline circadian cortisol pattern, levels of cortisol vary
with stress. In fact, salivary cortisol levels show different patterns, affected by more
than just stress (i.e., work, exhaustion) [47]. Mental illness alters such patterns of
mood and cortisol variability. In depression, for example, circadian rhythms are
disrupted, possibly due to loss of variability and capacity for variation. In fact, it may
be this dysrhythmia in cortisol and/or mood that may produce the depressed state
due to either an underlying vulnerability or to mis-attribution [48]. Once depression
is established, non-linearity may be enhanced due to increased cortisol reactivity
[49] or differing physiological and behavioral time-scales [22]. This biological–
psychological interplay is what we would expect under a biotic model in which
the simple underlying biological processes change first (biological priority) but
ultimately organize into a psychological state which dominates and feeds back upon
its biological origins (psychological supremacy) [50].

If we accept that healthy mood variability includes both linear and non-linear
components (as in Fig. 11.2a), then mental illness may represent a disturbance in
either of these components or in the coupling between different moods. Such a
model is proposed based upon the linear-non-linear relationships between symp-
toms of anxiety and depression, and how these dynamics change as severity
increases. As shown in Fig. 11.4, healthy individuals have anxiety and depressive
symptoms that strongly covary. So closely coupled are anxiety and depressive
symptoms that they may be indistinguishable. Patterns of variation of individual
moods (i.e., anxiety levels) have both linear and non-linear components. As the
severity of mental illness increases, sub-threshold disorders manifest themselves
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Fig. 11.4 Proposed model of changing dynamical relationships between anxiety and depression

with loosely coupled anxiety and depression levels; patients can begin to distin-
guish anxiety and depression from general distress. As distinct disorders emerge,
the healthy linear–non-linear individual patterns change; people with depressive
disorders lose the linear component to their depressive symptoms as their diurnal
cortisol cycle is disrupted (see Fig. 11.2b), while those with anxiety disorders lose
their non-linear component (with its minute-to-minute adaptability) to their anxiety
symptoms (see Fig. 11.4). At this point, anxiety symptoms clearly differ from
depressive symptoms, vary in different patterns, and are independent of each other
(see Fig. 11.2c).

Such a dynamical paradigm would carry important clinical implications. First,
if diagnostic differences are shown to be more dependent upon differences in
dynamics and co-variability rather than disease severity, a non-linear approach could
lead to a revision in diagnostic approaches and the classification of mental disorders.
Just as linear and non-linear measures in HRV may discriminate between different
diagnostic populations [51], such measures applied to mood variability may also
have important diagnostic applications [6]. Classification of patients into diagnostic
categories may reflect bifurcation points in brain activity [34] or establishment of
dysfunctional CNS interconnections [45]. Better understanding of mood dynamics,
and the relationship between anxiety and depression may help explain the problems
of lack of recognition and treatment adequacy observed in primary care settings.

Second, as mentioned above, measures of non-linearity correlate with clinical
outcomes. In healthy populations, non-linear measures correlate with levels of
happiness, anhedonia, and hypomania. This suggests that assessment of mood
variability via patient-completed mood diaries may have diagnostic and prognostic
utility. Recent studies suggest that, as catastrophic events approach, dynamics signs
(increased variability and lagged autocorrelations) are sent [52]. Glenn et al. [53]
found that APEN of daily mood measurements was higher among bipolar patients
who experienced an episode of either mania or depression than those who remained
euthymic. In addition, the fact that mood variability patterns are self-similar no



142 D.A. Katerndahl

matter what the time-scale may be, demonstrating the scale-free power law of
interdependence, suggests that non-linearity measures of mood variability could
be obtained via in-office computer assessment over a few minutes [32] to be used
for diagnostic and prognostic purposes. In fact, because HRV may correlate with
clinical outcomes, cardiac monitoring among patients with mental illness may also
have clinical applications for following treatment response.

Finally, assessment of non-linear dynamics may have treatment implications,
especially at the individual patient level [54]. Although antidepressants, resources,
and social interaction may work via their effect on dynamics [48], non-linearity
may explain poor treatment response to traditional approaches, limiting the benefits
of “cookbook” practice guidelines; management plans will need to be tailored to
patients. Hence, initial assessment of dynamics and co-variability may imply that,
in those patients displaying non-linear dynamics, standard single-agent approaches
will probably not help. Such non-linearity in treatment response is supported by
the importance of chronotherapy (timed dosing based on biological rhythms);
drug efficacy often varies with the time-of-day [55, 56]. Finally, demonstrating
non-linearity and co-variability would attest to the presence of a complex system
at work, and suggest novel interventions. Interventions targeting dynamics may
have applications here; treatments (such as anti-control interventions) would focus
on changing the dynamic pattern (i.e., from periodicity to chaos) rather than on
symptom levels [6, 57]. Small but well-timed pulse interventions may be successful
in altering dynamics without affecting mood extremes, but yielding improved
outcomes [6]. In addition, if non-linear dynamics are found, then multifaceted,
whole patient approaches may be more successful than single-agent interventions.

But these implications are based upon the construct that a non-linear, dynamical
basis for classification and treatment of mental disorders is more parsimonious than
the current linear, symptom level model. However, such a paradigm shift is far
from proven. Instead, we are left with many questions. What are the determinants
of linear and non-linear dynamics in mood variability? What is the optimal time-
frame over which to measure such dynamics? What constitutes an attractor in mood
variability? How should co-variability in moods be measured? Before we can begin
to address these issues, we need basic, large-scale investigations of patients with
affective disorders of varying severity from various clinical settings. Measuring
mood levels hourly over an extended period of time, such investigation would
need to compare the validity of classification based upon DSM criteria versus
classification based on dynamical group in terms of its prognosis, co-morbidity,
health-related disability, and treatment response. In addition, data from such patients
could be used to determine their co-variability using linear and non-linear measures
(such as cross-correlation and cross-APEN) to determine their relative impact
compared with DSM classification on clinical outcomes. Such investigations could
begin to assess whether a non-linear, dynamical framework may provide us with a
new, yet rewarding, perspective for understanding the emergence and evolution of
mental illness. Only if these non-linear, dynamical approaches can better predict
observations and outcomes will this complex systems perspective supplant the
entrenched linear, reductionist paradigm.
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11.3 Conclusion

A non-linear perspective of mental disorders may be particularly relevant to
understanding mental disorders, especially in primary care settings. There is
growing evidence that non-linearity of a variety of parameters (from heart rate to
mood) may be relevant to our understanding of what constitutes mental health and
illness. Monitoring of daily anxiety/depression levels among psychiatric patients
demonstrates non-linearity, attractors, and covariation. If true, then non-linear
dynamics may have important clinical implications for classification of mental
disorders, identification of novel treatments, and monitoring of response. For this
reason, a dynamical systems approach has been advocated for psychiatrists and
psychologists alike [54], but such advice may be of particular importance to primary
care physicians.
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