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Chronotherapy is a treatment for mood disorders, including major depressive disorder,

mania, and bipolar disorder (BD). Neurotransmitters associated with the pathology of

mood disorders exhibit circadian rhythms. A functional deficit in the neural circuits related

to mood disorders disturbs the circadian rhythm; chronotherapy is an intervention that

helps resynchronize the patient’s biological clock with the periodic daily cycle, leading

to amelioration of symptoms. In previous reports, Hadaeghi et al. proposed a non-linear

dynamic model composed of the frontal and sensory cortical neural networks and the

hypothalamus to explain the relationship between deficits in neural function in the frontal

cortex and the disturbed circadian rhythm/mood transitions in BD (hereinafter referred

to as the Hadaeghi model). In this model, neural activity in the frontal and sensory lobes

exhibits periodic behavior in the healthy state; while in BD, this neural activity is in a

state of chaos-chaos intermittency; this temporal departure from the healthy periodic

state disturbs the circadian pacemaker in the hypothalamus. In this study, we propose

an intervention based on a feedback method called the “reduced region of orbit” (RRO)

method to facilitate the transition of the disturbed frontal cortical neural activity underlying

BD to healthy periodic activity. Our simulation was based on the Hadaeghi model. We

used an RRO feedback signal based on the return-map structure of the simulated

frontal and sensory lobes to induce synchronization with a relatively weak periodic signal

corresponding to the healthy condition by applying feedback of appropriate strength.

The RRO feedback signal induces chaotic resonance, which facilitates the transition to

healthy, periodic frontal neural activity, although this synchronization is restricted to a

relatively low frequency of the periodic input signal. Additionally, applying an appropriate

strength of the RRO feedback signal lowered the amplitude of the periodic input signal

required to induce a synchronous state compared with the periodic signal applied alone.

In conclusion, through a chaotic-resonance effect induced by the RRO feedbackmethod,
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FIGURE 7 | Synchronization of neural activity x(n) to a weak periodic input signal S(n) (α = 0.01, 0.15, 0.3 and p = 4, 8, 16, 32) and perturbations of the RRO

feedback signal and the periodic input signal in BD cases (A = 9.8, 12.0). Here, the period p values are chosen based on the healthy periodic-p states locating in the

(Continued)
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FIGURE 7 | periodic window in 12.5 . A . 13.5 in Figure 4. Dependence of (Upper) maxτ C(τ ) and (Lower) 4 on the RRO feedback strength K. Solid black lines

and error bars show the mean and standard deviation across ten trials. In the lower panels, the scales of the vertical axes differ. In the case with α = 0.15 and p = 32

(represented by red arrows), maxτ C(τ ) exhibits a unimodal maximum (maxτ C(τ ) ≈ 0.3 in A = 9.8 and maxτ C(τ ) ≈ 0.4 in A = 12.0) at around the attractor-merging

bifurcation at K ≈ 0.06 in A = 9.8, and K ≈ 0.63 in A = 12.0. At this K condition, the perturbation amounts 4 are 0.012, 0.049 in the A = 9.8, 12.0 cases, respectively.

3.2. Transition From Disturbed Neural
Activity to a Periodic State by RRO
Feedback Plus Periodic Input Signal
To enhance synchronization to weak input signals, the system
parameters must be adjusted to those of the attractor-merging
bifurcation (Nobukawa et al., 2018b). Figure 6 shows the
behavior of the neural system composed of the frontal and
sensory cortices as a function of RRO feedback strength K,
in the absence of a periodic signal (α = 0), for BD (A =
9.8, 12.0). Shown are the bifurcation diagram of the frontal neural
activity x(n) given by Equation (3), the Lyapunov exponent λ,
and F(fmin,max)+Ku(fmin,max). The separation of merged chaotic
attractors (λ > 0) into positive and negative regions arises at
the region for F(fmin) + Ku(fmin) < 0, F(fmax) + Ku(fmax) > 0
in K & 0.1 for the A = 9.8 case and in K & 0.7 for the
A = 12.0 case.

Subsequently, synchronization of x(n) to a weak periodic
input signal S(n) (α = 0.01, 0.15, 0.3 and p = 4, 8, 16, 32) and the
evaluated perturbations of the RRO feedback and periodic signals
are shown. Here, the p values are chosen based on the healthy
periodic-p states locating at the periodic window in 12.5 . A .

13.5. Figure 7 shows the dependence of maxτ C(τ ) and 4 on
the RRO feedback strength K. In the case with α = 0.15 and
p = 32, maxτ C(τ ) exhibits a unimodal maximum (maxτ C(τ ) ≈
0.3 in A = 9.8 and maxτ C(τ ) ≈ 0.4 in A = 12.0) at
around the attractor-merging bifurcation defined as F(fmin,max)+
Ku(fmin,max) = 0 at K ≈ 0.06 in A = 9.8 and K ≈ 0.63 in
A = 12.0 (see Figure 6), i.e., chaotic resonance is induced by
the RRO feedback signal. Therefore, applying the RRO feedback
signal together with a weak periodic signal brings the neural
activity x(n) of BD close to the healthy periodic state. This chaotic
resonance is induced when the perturbation 4 = 0.012, 0.049, at
A = 9.8, 12.0, respectively. This perturbation is relatively small
in comparison to the variation range: −2.5 . x(n) . 2.5, as
shown in the bifurcation diagram of Figure 6. Under conditions
of higher input frequency (p = 2, 4, 8, 16) or weaker signal
strength (α = 0.01), the values of maxτ C(τ ) are significantly
reduced. At stronger signal strength (α = 0.3), the values of
maxτ C(τ ) exhibit a tendency to decrease monotonically with
increasing K. Thus, chaotic resonance can be induced by RRO
feedback signals at an appropriate signal strength and frequency.
Figure 8 shows a typical time series of frontal neural activity x(n)
in synchronization with a weak periodic input signal S(n) under
conditions that induce chaotic resonance in Figure 7, i.e., p =
32,α = 0.15, and K = 0.06 in the A = 9.8 case; and K = 0.63 in
the A = 12.0 case. The result shows synchronization between the
chaos-chaos intermittency of x(n) and the periodic input signal
S(n), with hopping between positive and negative x(n) regions.
Additionally, Figure 9 shows the bifurcation diagram of x(n)
represented by Equation (3) as a function of K under a weak

periodic input signal S(n) (p = 32,α = 0.15) in BD, in (A =
9.8, 12.0) cases. The chaos-chaos intermittency between positive
and negative x(n) regions is maintained until around the peak of
maxτ C(τ ) (represented in Figure 7) in K . 0.18 for the A = 9.8
case and inK . 0.79 for theA = 12.0 case. Therefore, the chaotic
resonance confirmed in Figure 7 produces synchronization of
the chaos-chaos intermittency with the periodic input signal S(n).

To evaluate the effect of the RRO feedback signal on
synchronization, we compared the synchronization induced by
RRO feedback with that in its absence (K = 0). Figure 10
shows the dependence of maxτ C(τ ) and4 on the signal strength
α in the case of no RRO feedback under the condition where
chaotic resonance is induced by the RRO feedback signal at
p = 32 in Figure 7. In the A = 9.8 case with α & 0.22,
maxτ C(τ ) exceeds 0.3, which corresponds to the maximum
value of maxτ C(τ ) under RRO feedback presented in Figure 7.
Moreover, the perturbation amount 4 at α ≈ 0.22 required
for accomplishing maxτ C(τ ) ≈ 0.3 is approximately 0.025;
however, under RRO feedback, it is 4 ≈ 0.012 at K ≈ 0.06
for a peak correlation of maxτ C(τ ) ≈ 0.3. Therefore, the RRO
feedback signal reduces the amount of perturbation needed for
the transition to the periodic state. In the A = 12.0 case, the
same tendency seen in the A = 9.8 case is confirmed. That is, the
perturbation amount 4 at α ≈ 0.95 required for accomplishing
maxτ C(τ ) ≈ 0.4 is approximately 0.41; however, under RRO
feedback, it is 4 ≈ 0.049 at K ≈ 0.63 for a peak correlation
of maxτ C(τ ) ≈ 0.4.

4. DISCUSSION AND CONCLUSIONS

In this study, we verified our hypothesis that chaotic resonance
induced by RRO feedback signals can enable the delivery of
chronotherapy by minimally invasive treatments. In a simulation
based on the Hadaeghi model, we evaluated the transition
of the disturbed frontal cortical neural activity corresponding
to BD to the periodic behavior found in the HCs that was
induced by RRO feedback signals. We found that the RRO
feedback signal, which is based on the return-map structure of
the modeled frontal and sensory cortical neural system, induced
synchronization to weak, periodic signals corresponding to the
healthy condition at appropriate feedback strength, although this
synchronization was restricted to a relatively low frequency of
the input signal. Thus, the chaotic resonance induced by the
RRO feedback signal facilitates the transition to a state that
is close to healthy, periodic frontal neural activity in the case
where this activity has a relatively low frequency. Additionally,
the combined amount of perturbation due to the RRO feedback
signal and the periodic input signal was significantly smaller than
that required for inducing a synchronous state by applying only
the periodic signal.
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FIGURE 8 | Typical time series of frontal neural activity x(n) in synchronization with a weak periodic input signal S(n) under the conditions for inducing chaotic

resonance shown in Figure 7. Synchronization between the chaos-chaos intermittency of x(n) and the periodic input signal S(n) is shown, which features hopping

between positive and negative x(n) regions (maxτ C(τ ) ≈ 0.3, 0.4 in A = 9.8, 12.0 cases, respectively).
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FIGURE 9 | Bifurcation diagram of the frontal neural activity x(n) represented

by Equation (3) as a function of RRO feedback strength K under a weak

periodic input signal S(n) (p = 32,α = 0.15) in BD (A = 9.8, 12.0) cases. Blue

and red dots indicate positive and negative initial values of x(0), respectively.

The chaos-chaos intermittency between positive and negative x(n) regions is

maintained in K . 0.18 for the A = 9.8 case and in K . 0.79 for

the A = 12.0 case.

First, we must consider the reason the RRO feedback signal
facilitates synchronization by small perturbations. Over the past
few decades, studies of non-linear control aimed at stabilizing
chaotic activity have proposed many methods such as the
Ott-Grebogi-Yorke method, the delay feedback method, and
the H∞ method (Ott et al., 1990; Pyragas, 1992; Nakajima,
1997; Jiang et al., 2005; reviewed in Schöll and Schuster,
2008). These conventional chaos control methods stabilize
the chaotic orbit to equilibrium points and periodic orbits.
In contrast, the RRO feedback method does not eliminate
chaotic behavior but adjusts local maximum and minimum
values of the map function; consequently, the feedback strength
at which chaotic behavior is maintained in RRO is smaller
than that of conventional chaos control methods, in which
chaotic behavior is completely suppressed (Nobukawa et al.,
2018b). Moreover, by virtue of chaotic resonance at around
the attractor-merging bifurcation induced by the RRO feedback
signal, chaos-chaos intermittency synchronizes with input signals
even at low input-signal strength (Sinha, 1999; Nishimura
et al., 2000; reviewed in Anishchenko et al., 2007; Rajasekar
and Sanjuán, 2016). Utilizing these advantages of the RRO
feedback method and of chaotic resonance should facilitate the

transition of the disturbed neural activity of BD to a healthy
periodic state.

Furthermore, the application of RRO feedback signals
with periodic input signals shows great promise for actual
chronotherapy practice. In current chronotherapy, the
administration of the light stimulus and the medication
occurs at a fixed time each day to enable the transition of neural
activity to a periodic state with a circadian period (Yeragani
et al., 2003; Glenn et al., 2006; Bonsall et al., 2011; Moore
et al., 2014; reviewed in Albrecht, 2013). This treatment may
correspond to the case we consider here, in which neural
activity is stabilized by applying only a periodic input signal (see
Figure 10). The application of the light stimulus and medication
on a schedule modulated by the daily frontal neural activity
of each patient would correspond to the application of RRO
feedback signals in combination with the periodic input signal,
in which the amount of perturbation needed for the transition
to the periodic state is expected to be significantly reduced.
That is, this strategy may lead to a reduction in the amounts of
stimulus and medication necessary to transition from a disturbed
frontal neural activity to a healthy periodic state. Furthermore,
this effect might also contribute to a reduction in mixed states,
hypomania, and autonomic hyperactivations that can occur
in BD chronotherapy due to overapplication of light stimuli
and medication. Additionally, methods for measuring the daily
variation of frontal neural activity are now under development,
with a focus on EEG approaches (Croce et al., 2018; González
et al., 2019). These methods might contribute to the realization
of a form of chronotherapy modulated by RRO feedback.

The following limitations of this study must be considered.
First, only the neural system composed of frontal and sensory
cortices was considered. However, the circadian rhythms targeted
in chronotherapy are produced not only by the frontal and
sensory cortices but also by the hypothalamus (Hadaeghi et al.,
2016; Bayani et al., 2017). Therefore, the evaluation of chaotic
resonance induced by the RRO feedback method in a neural
system comprising both the frontal/sensory cortex and the
hypothalamus is important for evaluating its applicability to
chronotherapy. Second, we used competition between excitatory
and inhibitory neurons in this study to describe long-term
neural dynamics in the frontal cortex. However, the questions
of what reflects the long-term dynamics of brain activity and
what mechanism produces it are currently controversial (Croce
et al., 2018; González et al., 2019). Therefore, it is important that
our proposed method be verified with models based on other
neural mechanisms for producing long-term neural dynamics
in the frontal cortex. In such evaluations, the use of spiking
neuron models, which exhibit highly realistic neurodynamics
(Nobukawa et al., 2017, 2018a, reviewed in Ma and Tang, 2017),
would enhance the pathological validity of the neural network
used to simulate BD (Brambilla et al., 2003; Hasler et al.,
2007; Sanacora et al., 2012; Schloesser et al., 2012; reviewed in
Chiapponi et al., 2016). Third, from the viewpoint of chaotic
resonance, the disturbed neural activity described as chaotic
dynamics in this study was close to the healthy periodic state.
However, to stabilize more challenging forms of chaotic behavior,
other candidate chaos control methods must be considered; we
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FIGURE 10 | Synchronization of neural activity x(n) to a periodic input signal S(n) (p = 32) and perturbation by this signal in the absence of RRO feedback.

Dependence of (Upper) maxτ C(τ ) and (Lower) 4 on signal strength α. Solid black lines and error bars show the mean and standard deviation across ten trials.

Horizontal red dashed lines in the upper figure indicate the maximum values of maxτ C(τ ) observed for the RRO feedback signals shown in Figure 7. Vertical blue

dotted lines in the lower figures give the minimum signal strengths α needed for exceeding the maximum value of maxτ C(τ ) in the presence of the RRO feedback

signals given in Figure 7. Horizontal red dashed lines in the lower figures indicate the values of 4 at K, where maxτ C(τ ) peaks in Figure 7. Compared with runs

having an RRO feedback signal, a larger perturbation (4 & 0.025 in the A = 9.8 case and 4 & 0.41 in the A = 12.0 case) is needed to achieve the synchronous state

with maxτ C(τ ) & 0.3 in the A = 9.8 case and maxτ C(τ ) & 0.4 in the A = 12.0 case.

plan to research these points in the future. In addition to model-
based studies, the methods of measuring the daily-timescale
variation in the frontal neural activity that have recently been
proposed (Croce et al., 2018; González et al., 2019) will be crucial
for applications and will aid in the estimation of the controlling
parameters required by RRO feedback methods.

In conclusion, in this simulation study, chaotic resonance
induced by the RRO feedback method enabled the disturbed
frontal neural activity characteristic of BD to be transitioned
close to a healthy periodic state by relatively weak perturbations.
Despite its limitations, this study demonstrated that
chronotherapy modulated by the RRO feedback method
might be a new type of minimally invasive therapy for BD.
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