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Abstract

The ability to shift circadian phase in vivo has the potential to offer substantial health
benefits, and constructing an appropriate model — from therapeutic administration to phase
response — will enable this possibility. The blood-brain barrier (BBB), however, prevents the
absorption of essentially all large and many small molecules, posing a challenge to neurological
pharmaceutical development. Motivated by the presence of the circadian molecule KL001,
which is capable of causing phase shifts in a circadian oscillator, this work explores the effect of
two passive and three active transport mechanisms on the dynamics of circadian phase.
Specifically, this thesis investigates the effect of melatonin, which passively diffuses across the
BBB, triiodothyronine (T3), amine, and neutral amino acid carrier mediated transport (CMT),
and polymeric nanoparticle adsorptive transcytosis administration mechanics. The
pharmacokinetic/pharmacodynamic (PK/PD) modeling approach has been considered to describe
the physiological dynamic behavior in response to such delivery mechanisms and provides an
accurate estimate of the cerebrospinal fluid (CSF) concentration curves. The introduction of the
PK/PD models achieves a physiologically accurate prediction of the phase response curve of the
circadian oscillator and informs a constrained, infinitesimal parametric phase response curve
(ipPRC)-defined, nonlinear model predictive controller (MPC) to compute appropriate dosing for
clock re-entrainment. The phase-resetting capacity of these models is investigated through the
real-world scenario of jet lag.
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I. Introduction

Circadian rhythms are vital, endogenous, roughly-24 hour oscillations entrained by

external light-dark cycles that synchronize a complex suite of biological processes. Inherently,

they stray slightly from a perfect 24-hour period. As such, external zeitgebers are required to

realign the internal clock with the environment. Coordinated by the suprachiasmatic nucleus, or

master clock, circadian rhythms drive recurring peripheral phenomena such as core body

temperature fluctuations, hormonal secretions, and expression patterns of proteins and genes

(Skeldon 2017). Sleep-wake cycles, immune function, and metabolism rely heavily on a precise

circadian cycle. Furthermore, circadian misalignment, wherein an individual's body clock is

inaccurately synchronized either internally or with the environment, such as in the case of

disease or jet lag, has been identified as a risk-factor in a variety of detrimental health conditions

such as diabetes, cancer, schizophrenia, and cardiovascular disease (Barren 2014). As a result,

the development of pharmaceuticals that allow for manipulation of these cycles is currently an

active research question. Notably, pharmaceuticals offer a number of advantages over

alternatives such as light-based control including ability to shift phase more rapidly and

increased ease-of-use by the removal of the complicated requirement to tightly control one’s

environment.

Experimental studies combined with mathematical modeling have identified several

small molecules capable of causing phase shifts in the circadian oscillator, though most

significant changes have been observed by KL001 (Brown 2021). The molecule, which is a

carbazole derivative, selectively acts on cryptochrome (CRY), a core clock protein, stabilizing

nuclear CRY by reducing its degradation rate (Hirota 2012). This mechanism is depicted in

Figure 1. Indeed, continuous treatment with KL001 results in dose-dependent lengthening of the
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period of both Cry1 knockout and Cry2 knockout fibroblasts (Hirota 2012). Notably,

CRY1/CRY2 ratios control circadian period in a bidirectional manner (Hirota 2012). As such,

KL001 offers substantial potential for therapeutic control of circadian phase. To understand the

possibilities and implications of such a molecule, understanding the dynamic behavior of the

circadian oscillator on which the molecule acts is required.

The relationship between an external stimulus and change in cycle period, or phase

response, of an oscillatory system can be described by a phase response curve (PRC). In the case

of circadian rhythms, these curves represent the relationship between administration time and

magnitude of effect for a given chronobiotic. A PRC can be constructed experimentally or from

mechanistic clock models for a given input, such as presented by Hirota et al. 2012 for KL001,

and form the basis of quantitatively describing therapeutic intervention. This dynamic is shown

in Figure 1(B).

Figure 1
(A) KL001, shown in blue, stabilizes the core circadian gene regulatory network by reducing the
degradation rate of nuclear CRY. (B) The infinitesimal parametric phase response curve (ipPRC)
for KL001-mediated stabilization of nuclear CRY. These diagrams were developed by Abel et al.

2019.

In Abel et al. 2019, the authors developed a model to control circadian oscillator

trajectory using an infinitesimal parametric phase response curve (ipPRC)-based model
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predictive control (MPC) algorithm, allowing for selective shifting of a circadian oscillator while

accounting for the internal complexity and external noise of such a biological system. A

closed-loop drug delivery system is targeted as, unlike open-loop systems, it enables effective

control of the targeted biological pathway by systematic prediction rather than manual

intervention. The feedback-loop-based framework allows for accurate control, marking an

important step toward testing strategies to shift circadian phase at the molecular level in vivo. In

Abel et al. 2019, the MPC is designed based on a single-order phase reduced model, which

represents an approximation of the full eight state dynamic ordinary differential equation (ODE)

model of the circadian clock set forth by Hirota et al. 2012. Notably, previous work has

investigated the tuning of MPC design parameters, including appropriate predictive horizon

lengths and controller sampling times, to sufficiently exploit the phase response properties of the

circadian clock in order to control re-entrainment rapidly (Abel 2017).

In Abel et al. 2019, the control input is assumed to be a piecewise constant function

acting directly at the neuron level. Such an approximation, however, does not account for the

body’s inevitable manipulation of a drug as it travels from the administration site to the brain.

Whether administered orally or intravenously, any neurological drug must cross the blood-brain

barrier (BBB), and additionally in the case of oral administration, first transfer to the plasma

through the gastrointestinal system. Ultimately, since the movement of molecules through the

human body is an inherently imperfect and time-dependent process, regardless of mode of

transport, assuming the drug form culminating in the brain as a square wave represents a

limitation.

In order to design more realistic control strategies, the controlled input must be the

dosage of the pharmaceutical at the site of the administration. Since, due to physiological
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constraints, neurons cannot be dosed directly, alternative routes must be taken: most commonly

either oral or intravenous. Given the target properties of circadian pharmaceuticals — effective,

inexpensive, and easily self-administrable — we assume a normal-release oral administration

route. Under this assumption, the present work aims:

I. To develop and validate pharmacokinetic models that describe drug concentration
profiles in the brain under each administration process

II. To design an MPC-based control algorithm based on each identified model for
phase resetting, and

III. To validate the performance of the control algorithms through simulations of
real-world misalignment scenarios due to jet lag.

II. Methods

In the case of oral administration, a compartmental modeling approach is used to

represent the drug pharmacokinetic (PK) dynamics from the gastrointestinal system to the brain.

Three different descriptions of PK dynamics were analyzed: I. simple passive diffusion, which is

described by first-order elimination, II. carrier-mediated transport (CMT) wherein clearance is

characterized by Michaelis-Menten kinetics, and III. polymeric nanoparticle transcytosis, which

is governed by reversible kinetics and mass-action laws

For the problem of circadian phase entrainment, melatonin is a reasonable control drug

due to its regulatory impact on the circadian system and previous use in numerous human

studies. By virtue of its amphiphilic nature, melatonin passes through both the gastrointestinal

system and the BBB via simple passive diffusion, allowing transport to be calculated by

first-order processes (Johns 2011). While melatonin is a reasonable starting point for discerning

physiological administration dynamics and performing model validation, it is likely both

imperfectly representative of the true pharmacodynamic mechanisms of the small molecule
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KL001, which may not cross the BBB via passive diffusion, and temporally insufficient for the

case of circadian phase re-entrainment, which demands rapid kinetics for optimality.

Due to its high electrical resistance, much less fenestration, and epithelial-like tight

junctions within the brain capillary endothelium that regulate paracellular transport, the BBB

acts as a barrier to the uptake of most pharmaceuticals (Wong 2013, Fu 2012). Some small

molecules with fewer than 8 hydrogen bonds and molecular weights less than 400 Da can pass

the barrier via lipid-mediated diffusion, though drugs lacking such properties must be

re-engineered to access carrier-mediated transport or other mechanisms for transcellular

admittance (Pardridge 2012). Though the field of engineering BBB transport mechanisms is still

in its infancy, a major focus of research surrounds identifying strategies to enhance delivery of

therapeutics across the barrier (Chow 2015).

Given the small molecule structure of the target input drug KL001 and the requirement of

rapid absorption in order to bring about resolution in the phase-shifting problem,

carrier-mediated transport (CMT) mechanisms are a logical target. Moreover, engineering drugs

to exploit native BBB nutrient transporter systems is widely recognized as the most likely

successful drug delivery method to the brain (Fu 2012). To model specific carrier

transporter-mediated transcytosis across the BBB, key molecular and structural components of

the brain must be considered. Indeed, polarized central nervous system (CNS) endothelial cells

have distinct luminal and basolateral compartments (Chow 2015). As the cDNAs,

concentrations, and kinetic parameters of almost all known BBB CMT systems are available,

identifying drug-transporter combinations with affinity such that the structure of the CMT

substrate is retained following conjugation of the nontransportable drug will be required

(Pardridge 2012). Potential nutrient transporters for KL001, each expressed on the luminal or
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basolateral sides of endothelial cells, were identified based on kinetic and binding properties

examined in Fu et al. 2012 and Pardridge 1981.

Under these conditions, the modeled passage between plasma and brain compartments is

altered from first-order diffusive to active CMT principally through modification of the clearance

function according to Michaelis-Menten kinetics (Vendel 2019). Notably, many underlying

assumptions, such as that there is no hydrostatic or osmotic pressure difference across the barrier,

remain (Wong 2013). The modified model accounts for the range of pertinent transport systems

through the modification of active permeability parameters that are specific to particular

transporters (Vendel 2019).

Of the eight total systems identified by Padridge 1981 and Fu et al. 2012, the amine,

neutral amino acid, and triiodothyronine (T3) transport systems were targeted due to potential for

compatibility, previous successful drug development trends, and prevalence of PK parameter

values in the literature. Indeed, L-Dopa, a precursor to dopamine that is used to treat Parkinson’s

Disease, has been found to successfully cross the BBB and retain efficacy if delivered by a

neutral amino acid carrier (Fu 2012). While the chemical feasibility of such a combination will

require greater investigation, visually, KL001 is structurally comparable to L-Dopa, justifying at

least theoretical exploration of transport via a similar mechanism.

Another novel mode of transport that is gaining traction in the field of

BBB-pharmaceutical engineering is the use of charged nanoparticles as a transport mechanism.

To explore this possibility, we constructed a third model targeting polymeric nanoparticles using

kinetic rate constants defined by Khan et al. 2018.

Such PK models result in empirically grounded concentration curves of the manipulated

therapeutic compound reaching the brain that can subsequently act as input into the circadian
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control framework. The ability to reference clinical data from the literature for melatonin was

vital for validating the underlying input model structure, especially when transport parameters

are altered for other mechanisms and molecules that are less studied. To validate the models, a

literature review of relevant clinical studies was conducted: specifically searching for example

cases of oral administration in healthy individuals. Physiological parameters, such as area under

the curve (AUC), computed by the approximate integral of the curve via the trapezoidal method,

and values of the maximal concentration (Cmax) were targeted for curve fitting.

Harpsøe et al. 2015 reported a systematic review of melatonin, examining

pharmacokinetic variables from twenty-two studies, including Cmax in the plasma/serum, time to

maximal concentration (Tmax) in plasma/serum, AUC of the plasma/serum concentrations,

clearance (CL), volume of distribution in plasma/serum (VP), and bioavailability (F). Among the

reported studies, De Muro et al. 2000 was targeted as the example case for melatonin validation

as, due to its intention of ascertaining an absolute value for melatonin bioavailability, the

aforementioned variables were recorded in healthy, non-fasted volunteers.

The models for CMT systems were validated against clinical data recording the

administration under equivalent circumstances to those targeted for melatonin but for each

system’s representative substrate: L-dopa for neutral amino acid transport, choline for amine

transport, and triiodothyronine for T3 transport.

Finally, since no relevant in vivo experimental data could be found, the nanoparticle

model was validated against the in vitro experimental data reported by Khan et al. 2018. The

transwell BBB model used in the study was constructed from the mouse brain cell line (bEnd.3)

that has previously been shown to be effective at representing human BBB characteristics for

drug transport (Khan 2018).
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Ultimately, these concentration curves become the input that acts on the circadian

oscillator in the phase-reduced model defined by Abel et al., 2019. The proposed control design

is tested on a scenario of jet lag, consistent with the schema reported by Abel et al., 2019. While

it has been shown that a phase oscillator is well manipulated by instantaneous input of the

modulating therapeutic KL001, the impact of physiological administration has not yet been

explored. This work aims to compare the control performance associated with such

physiologically accurate waveforms on the circadian oscillator against the control performance

achieved in the case of an idealized square wave. Furthermore, as the emerging field of BBB

research intently focuses on methods to enhance delivery of therapeutics, developing such

models of BBB CMT systems is key for understanding future BBB transport possibilities and

limitations. In this context, modeling the dynamic behaviors associated with therapeutic

administration allows examination of oscillator response under realistic conditions, providing

mechanistic insight into the underlying structure of the circadian oscillatory system and thus

leading to a better understanding of the feasibility of therapeutic manipulations of the system.

Ultimately, the goal is to identify the appropriate therapeutic strategy that allows for the fastest

entrainment of an oscillator to its environment, straying the least from the control policy

implemented by Abel et al. 2019.

A. Pharmacokinetic Models

Three different descriptions of PK dynamics were analyzed: I. Simple passive diffusion

described by first-order elimination II. Carrier-mediated transport (CMT) with clearance

governed by Michaelis-Menten kinetics, and III. Polymeric nanoparticle transcytosis described

by reversible kinetics and mass-action laws.
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Figure 2
Two compartment simple passive diffusion model: Input into the gastrointestinal (GI) tract is an

impulse. ka and ke are rate constants of absorption and elimination from plasma. kbb and kebb

represent absorption and elimination rate constants for the blood barrier brain (BBB)
respectively.

The PK/PD model describes the fate of the drug once administered; for passive diffusion,

we assume extravascular input, no lag time, and first order elimination. The first compartment

represents the gastrointestinal (GI) system. It is enough to assume a single compartment for the

GI system as the only value of interest is the drug absorption and elimination process and not

how the drug concentration evolves within the compartment. Input into the first compartment is

defined as an impulse function that describes drug introduction. The amplitude of the signal

corresponds to a percentage of the dosage; this effective dosage is calculated as the actual dosage

(in mg) multiplied by the bioavailability of the drug. From the GI compartment, the drug is

partially absorbed into the central compartment, which represents the plasma. The drug is then

finally absorbed via diffusion from the plasma, across the BBB, into the brain. Since the model

drug melatonin passes the BBB via passive diffusion, the movement through this compartment

can likewise be measured as a first order differential process. A schematic of the model is shown

in Figure 2.
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The passive diffusion PK model is described as the following set of differential
equations:

ẋ1 = -kax1 + input (1)
ẋ2 =  kax1 - kex2 (2)
ẋ3 = kbbx2 - kebbx3 (3)
y = ( )x2 + ( )x3 (4)1

𝑉
𝑃

1
𝑉

𝐵

where x1 is the mass (mg) in the GI compartment, x2 is the mass (mg) in the plasma, and x3 is the

mass (mg) in the BBB. ka and ke are the plasma absorption and elimination rate constants (min-1),

respectively. kbb is the transport coefficient between the plasma and the BBB compartment

(min-1), and kebb is the kinetic constant of drug elimination from the BBB (min-1). VP and VB are

the volume (mL) of drug distribution in the plasma and in the brain.

When designing a drug to enter the brain via CMT, the goal of the drug is to mimic the

indicated substrate — generally through attachment of a ligand — in order to access its transport

mechanisms across the BBB. Since the engineered molecule is assumed to be similar enough to

the representative substrate to access that transport system, the PK properties of the drug are

derived from the representative substrate itself both at the BBB and between the gastrointestinal

and plasma compartments. As CMT is an active transport process, clearance across the BBB is

modeled according to Michaelis Menten kinetics.

Consequently, for CMT systems, the PK model is described by the following updated set

of differential equations:

ẋ1 = -kax1 + input (5)
ẋ2 =  kax1 - (Vmax) x2 / (km + x2)  - kex2 (6)
ẋ3 = (Vmax) x2 / (km + x2) - kebbx3 (7)
y = ( )x2 + ( )x3 (8)1

𝑉
𝑃

1
𝑉

𝐵

where km is the Michaelis constant (mg/mL), which is a measure of substrate-binding affinity,

and Vmax (mg min -1) the maximum rate of elimination achieved by the system. The absorption

and elimination rate constants are first order and represent intercompartmental clearance.
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Since CMT requires that a drug meet the chemical requirements to be engineered to

access the transport system, the possibility of access via adsorptive mediated transcytosis

associated with polymeric nanoparticle mediated drug delivery was additionally explored.

Polymeric nanoparticles are preferred over non polymeric ones due to their reduced side effects

and ability to increase drug solubility and improve biodistribution (Khan 2018).

The authors in Khan et al. 2018 used an artificial neural network (ANN) for parameter

estimation to quantify kinetic rate constants for polymeric nanoparticle transcytosis across the

BBB. The model was defined and trained using highly biocompatible

Triphenylamine-4-vinyl-(P-methoxy-benzene) (TEB) based nanoparticles that can be synthesized

as small as 20 nm making them a suitable target for small molecule delivery (Khan 2018). The

transport of such nanoparticles at the BBB is governed by first order reversible kinetics that,

following application of mass-action laws, result in the following first order ODEs:

ẋ2 = -kax2 + input (9)
ċ =  kax2 - (ke + kbb) ċ  - kebbx3 (10)
ẋ3 = kbbċ - kebbx3 (11)
y = ( )x2 + ( )x3 (12)1

𝑉
𝑃

1
𝑉

𝐵

where the rate constants kbb and kebb represent the endocytosis and exocytosis of the nanoparticle

across the BBB respectively and the variable ċ represents the mass (mg) of particles currently

within the BBB. The model-derived parameters were confirmed through an in vitro BBB model.

Since a KL001 conjugated to TEB nanoparticle molecule has never been studied in the body, and

literature around oral TEB administration is sparse, estimation of the pharmacokinetic

parameters such as bioavailability or absorption rate from the gastrointestinal compartment

presents a potentially large margin for error. As a result, for this trial the input was implemented

as IV; modeled as a bolus into the plasma compartment.
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B. Model Parameters

Overall, some model parameters can be measured experimentally, including drug half-life

(T1/2), clearance (CL), dosage (u), time when concentration peaks (Tmax), and bioavailability (F).

These values can then be used to compute absorption and elimination constants as well as

volume of distribution, shown in Eq. 15, 16, and 17, which are the state equations of the

dynamical system. The state trajectory can be solved by the integration of Eq. 2 as follows:

x(t) = (13)
𝑘

𝑎
𝐹𝑋

0

𝑘
𝑎
−𝑘

𝑒
(𝑒

−𝑘
𝑒
𝑡
)

where X0 represents the mass of the administered drug. Converting from mass to concentration

by using the volume of distribution,  Eq. 13 can be rewritten as follows:

C(p)t = (14)
𝑘

𝑎
𝐹𝑋

0

𝑉(𝑘
𝑎
−𝑘

𝑒
) (𝑒

−𝑘
𝑒
𝑡
)

Elimination half life can be determined from measuring the slope of the concentration profile in

a semilogarithmic plot. Consequently, the elimination rate constant is derived as follows:

ke = .693/Thalf (15)
Subsequently, the time when concentration peaks, T = Tmax, corresponds to the time when the

rate of absorption equals the rate of elimination. Thus, Tmax can be determined from the

combination of Eq. 2, under the aforementioned assumption, with Eq. 13.

Tmax = (16)
𝑙𝑛(

𝑘
𝑎

𝑘
𝑒

)

(𝑘
𝑎
−𝑘

𝑒
)

Calculation of volume of distribution represents the ratio between clearance and elimination rate

constant (Jambhekar 2009) as described below:

Vd = CL/ke (17)
The elimination constant kebb can be calculated from Eq. 15, substituting Thalf in the

plasma for Thalf in the brain (CSF) (Johns 2011). The absorption constant kbb can then likewise be

calculated from the kebb and Tmax, CSF, which are derived experimentally (Le Bars 1991). Active
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transport specific Michaelis Menten kinetic parameters km and Vmax were taken from

experimental values reported in Partridge 1981 and converted from nM to mg/mL and nmol

min-1 g-1 to mg min -1 respectively to be consistent with model units.

As directly measuring the volume of distribution in the CSF is experimentally difficult,

the value of VB was initially manually approximated based on Eq. 18 and experimentally

determined AUC values, which represent the integral of the concentration of drug as a function

of time. In Johns et al. 2011, the authors studied the permeability of melatonin across the BBB

and recorded a value of .46 for the AUCplasma : AUCCSF ratio. It is worth noting, however, that this

value was determined after an intravenous dosage of 0.2 mgs of melatonin (Johns 2011).

VB_estimate = (18)
(𝑘

𝑒
)(𝑉

𝑝
)

(𝑘
𝑒𝑏𝑏

)(𝐴𝑈𝐶 𝑅𝑎𝑡𝑖𝑜)

To obtain a more robust value from this estimate, an extended Kalman Filter (EKF),

adapted from Aeillo et al 2023, was developed by combining Eqs. 5-8. To estimate the unknown

parameter, fictitious parameter dynamics were introduced with the assumption that VB is a

constant value as follows:

(19)

The parameter was initialized with the above VB equal to VB_estimate.

A sample brain concentration profile obtained from interpolation of data recorded by van

de Berg et al. 2004, and the plasma concentrations obtained from the previously described model

were used as measurement in the state estimation. Berg et al. 2004 measured CSF concentration

of melatonin in rats at 10 minute time intervals following intravenous (IV) dosing.
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The nonlinear continuous-time model was discretized via forward Euler integration to

obtain the following discrete-time state space equations:

xk+1 = f(xk, uk ) + w (20)
yk = g(xk, uk ) + v (21)

where xk is the state vector of drug concentration in each compartment at time k, uk is the input

at time k, yk is the measured state at time k, f(⋅) is the model dynamic equation, g(⋅) is the

model output transformation, and w and v represent process and measurement noise,

respectively, which were defined as follows:

w ∼ N(0, Q ) (22)
v ∼ N(0, R ) (23)

where Q is the process noise covariance and R is the measurement noise covariance designated

as:

(24)

(25)

The state (Âk) and measurement (Ĉk) Jacobian matrices were obtained by linearizing the

system dynamics such that

Âk = (26)𝑑𝑓(𝑥, 𝑢)
𝑑𝑥 |

𝑥
𝑘|𝑘, 

𝑢
𝑘

Ĉk = (27)𝑑𝑔(𝑥, 𝑢)
𝑑𝑥 |

𝑥
𝑘|𝑘, 

𝑢
𝑘
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where is the updated state from the previous time step and the input from the current time𝑥
𝑘|𝑘 

𝑢
𝑘

step. Thus, the EKF prediction steps, where represents the propagated state at the current𝑥
𝑘 + 1|𝑘 

time step and the state covariance matrix, are carried out as below:𝑃
𝑘 +1|𝑘 

(28)𝑥
𝑘 + 1|𝑘 

=  𝑓(𝑥
𝑘|𝑘 

, 𝑢
𝑘 

) +  0 

k Âk
T + Q (29)𝑃

𝑘 +1|𝑘 
 = Â 𝑃

𝑘 +1|𝑘

Finally, the correction step for state estimate and covariance is computed by:

Kk+1 = k Ĉk
T [Ĉk Ĉk

T+ R]-1 (30)Â 𝑃
𝑘 +1|𝑘

𝑃
𝑘 +1|𝑘

+ Kk +1[yk - ] (31)𝑥
𝑘 + 1|𝑘+1 

= 𝑥
𝑘 + 1|𝑘

 𝑓(𝑥
𝑘 + 1|𝑘

𝑘, 𝑢
𝑘 

)

Kk+1 Ĉk ] (32)𝑃
𝑘 +1|𝑘+1 

 =[𝐼 − 𝑃
𝑘 +1|𝑘

where K, which depends on current estimation through Âk and Ĉk, is the optimal gain of the EKF.

C. Circadian Model and MPC Framework

The control framework herein is an extension to the framework proposed in Abel et al.

2019.

The dynamics of circadian systems are often represented by limit cycle oscillators,

modeled as nonlinear dynamical systems (Abel 2019). For the case of circadian entrainment, the

relevant dynamic is the phase of the oscillator. Under the assumption that every unique point x0

on the limit cycle can be mapped to a unique scalar phase 0, the system phase evolves in timeφ

according to:

= ωt + 0 (33)φ φ

at the constant rate ω. This formulation with zero input has to be extended to provide the

description of the phase dynamics resulting from a control input. Pharmaceutical input into the
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ODE can be modeled as a time-dependent modification of parameter values. Under this

definition, phase dynamics occurring due to control input can be derived by differentiation,

resulting in the phase-reduced equation:

= ω + B(t, φ) · u(t) (34)𝑑φ
𝑑𝑡

Where ω is the angular velocity of the oscillator, B(t, φ) is the ipPRC, which, shown in

Figure 1, is generated numerically from the mechanistic clock model, and u(t) is the model input.

A more detailed derivation of Eq. 34 can be found in Abel et al. 2019.

It is worth noting the assumption that, in this case, the oscillator is only manipulated by

control actions and not perturbed by any other exogenous inputs such as light. In Abel et al.

2019, control input was assumed to be an instantaneous value within the range of umin and umax

that, to reflect a 60% decrease in degradation rate specific to KL001 drug action, were defined as

0 and 0.06, respectively.

For the work detailed hereafter, u(t) is the drug dosage at the administration level. As

such, the maximum allowed control input is altered to be consistent with therapeutic

administration values for each representative substrate in the gastrointestinal compartment such

that the maximum input at the brain level does not exceed .06 as this parameter is the dose that

acts on the phase of the oscillator. Furthermore, to ensure the controller does not dose beyond

therapeutically plausible parameters, should the concentration in the gastrointestinal

compartment approaches the new physiological umax, input is specified to zero.

The entrainment problem is defined by tracking a reference oscillator with phase φr(t)

defined by Eq. 33 and calculating the phase difference between this reference and the oscillator

under control as described in Eq. 35. Both oscillators are assumed to have identical angular

velocities, and control is achieved when this difference is zero.
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χ(t) = φ(t) - φr(t) (35)

The finite-horizon control problem is repeatedly solved at each time ti, calculating an

optimal trajectory u* where Np is the number of steps contained within the prediction horizon, ℓ

is the step number, is the sampling time, is the absolute phase difference between referenceτ 𝑔
φ

and control oscillators, subject to Eq. 37 which, to avoid overcorrections due to noise, equals

zero below a constant, and and are positive weights.𝑤ϕ  𝑤𝑢

u*= (36)𝑎𝑟𝑔𝑚𝑖𝑛
ℓ=1

𝑁
𝑝

∑ 𝑤ϕ𝑔
ϕ
2 (𝑡

𝑖
+ ℓτ) + 𝑤𝑢𝑢

ℓ
2 

where is defined as:𝑔
ϕ

(37)𝑔
ϕ

where is defined as:ℎ
φ

(38)ℎ
ϕ

=  𝑚𝑖𝑛 χ(𝑡),  2π −  χ(𝑡)| |

where is the predicted phase error:χ(𝑡)

(39)χ(𝑡) = φ(𝑡) − φ
𝑟
(𝑡) 𝑚𝑜𝑑 2π

The predictor formulation is the following:

(40)φ(𝑡
𝑖

+ ℓτ) = φ(𝑡
𝑖
) + ωτ +

𝑘=1

ℓ

∑
𝑡

𝑖
+(𝑘−1)τ

𝑡
𝑖
 + 𝑘τ 

∫ 𝐵(φ)·𝑓(𝑥
𝑘
, 𝑢

𝑘
)𝑑𝑡

where is the PK/PD model, represents the system states of the PK/PD model, and𝑓(𝑥
𝑘
,  𝑢

𝑘
) 𝑥

𝑘

is the control input at the administration dose. The system states and are assumed to be𝑢
𝑘

𝑥 φ

measurable though future work will look to introduce an observer to estimate the system states.
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III. Results

The identified parameters of the PK/PD models describing the system process are

compared with the reference parameter values available from the literature. The performance of

the control algorithm has been evaluated for each process model.

A. PK/PD Model Identification

Notably, analysis of melatonin pharmacokinetics by Harpsøe et al. 2015 found little

variation in time to maximal plasma concentration and elimination of half-life values with

variations in gender, age, pregnancy, or fasting status.

De Muro et al. 2000 performed a randomized control trial with 12 healthy volunteers.

Their data for elimination half life, time to maximum concentration, and bioavailability for a

2mg oral dose of melatonin were included as inputs for the model in the following simulation

(De Muro 2000). Clearance rate was not directly recorded in the study, instead being computed

from the AUC value of 2.378 x 10-4 mg/mL x min retrospectively. Input units were standardized

as mg, min, and mL and dosage is inputted into the system at to = 0. The model proved a good fit

for the data, computing an AUC of 2.3152x10-4 mg/mL x min and a plasma Cmax of 4.67x10-6

mg/mL. In the study, plasma Cmax averaged 3.4 x 10-6 mg/mL. While this experimental value is

slightly lower than the model's prediction, the study reported an average across 12 participants

and 4.67x10-6 mg/mL was well within the range of all values. These results are summarized in

Table 1. In additional tests, not pictured, simulated output values similarly aligned well with

pharmacokinetic data, such as those published by Colonis Pharma Ltd. for their commercial 3mg

oral melatonin tablets.
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Parameter Experimentally Recorded Model Predicted

AUC (mg/mL x min) 2.378 x 10-4 2.315 x 10-4

Plasma CMax (mg/mL) Average:  3.4 x 10-6

Range: 2.2 x 10-6 - 5.7 x 10-6
4.67 x 10-6

Table 1
Comparison of experimentally recorded vs model predicted values for AUC0-24hr and Plasma Cmax

following 2 mg oral melatonin administration in healthy individuals.

Khan et al. 2018 constructed an in-vitro experiment to measure the transport of polymeric

nanoparticles across the BBB. Their transwell BBB model was constructed from the mouse brain

cell line bEnd.3 that has previously been shown to be effective at representing BBB

characteristics for drug transport, and nanoparticles were introduced to the representative plasma

compartment at a dose of 1 microgram, though anything ranging up to 8x10-4 mg/ml has been

shown to be non-toxic (Khan 2018). The authors recorded measurements of fluorescent intensity

as an indication of nanoparticle concentration over a 12 hour incubation period, and samples

were collected at 2 hour time intervals. The equation for the conversion of measured intensity to

particle concentration was determined by prior experimental data. The reported parameters have

been converted from recorded units to be consistent with this study's model units and are detailed

alongside local model outputs in Table 2. The PK model matched the in vitro parameters well,

with model predicted AUC values straying from experimentally recorded values by less than

.0003 mg/mL x min and model brain Cmax similarly within 8% of experimentally recorded

averages.
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Parameter Experimentally Recorded Model Predicted

AUC (mg/mL x min) 0.00359 0.00324

Brain Cmax (mg/mL) 0.000597 .000548

Table 2
Comparison of experimentally recorded vs model predicted values for AUC0-12hr and Brain Cmax

following 0.001 mg IV administration polymeric nanoparticles.

Jonklaas et al. 2015 performed an analysis of T3 pharmacokinetics in euthyroid

individuals over a 96 hour period through blood samples obtained following a .05 mg

liothyronine administration. Concentrations of total and free triiodothyronine, free and total

thyroxine, and thyroid stimulating hormone were measured. Notably, they reported 24 hour AUC

and plasma Cmax values correct for baseline hormone levels and recorded no difference in T3

kinetics dependent on the administered formulation of T3: synthetic preparation or a thyroid

extract. While variations in plasma kinetics of thyroid hormone dependent on gender have been

reported, when corrected for variation in baseline levels, Jonklaas et al. 2015 noted no

statistically significant differences in AUC and plasma Cmax concentrations between males and

females. As such, these values were targeted for model validation for best generalisability. The

results are summarized alongside model predicted values in Table 3.

Parameter Experimentally Recorded Model Predicted

AUC (mg/mL x min) 0.00112 0.00194

Plasma CMax (mg/mL) 3.5 x 10-6 - 4.5 x 10-6 3.801 x10-6

Time to Plasma Cmax (min) 120 - 240 150

Table 3
Comparison of experimentally recorded vs model predicted values for AUC and Plasma Cmax

following 0.05mg oral administration L-triiodothyronine.
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Böckmann et al. 2022 performed a study examining the pharmacokinetic parameters for

different formulations of choline supplements. In one trial, the authors examined kinetics in six

healthy adult men. It is worth noting that women were excluded from the study based on

potential interactions of estrogen on choline absorption (Bockmann 2022). Participants received

a single dose of 550 mg choline equivalent in the form of choline chloride, choline bitartrate, and

α-glycerophosphocholine (GPC). The authors found no difference in the AUC of choline plasma

concentrations after intake of the different formulations. The average AUC value along with the

average plasma Cmax from the experiment are displayed in Table 4.

Parameter Experimentally Recorded Model Predicted

AUC (mg/mL x min) 0.408 0.306

Plasma CMax (mg/mL) .00104 .00230

Table 4
Comparison of experimentally recorded vs model predicted values for AUC and Plasma Cmax

following 550mg oral administration choline chloride.

Senek et al. 2018 reported population pharmacokinetics for Levodopa in both healthy

individuals and Parkinson's patients. For the construction of PK concentration curves, the authors

completed a study with 18 healthy individuals; a 100mg dose of normal release L-dopa was

provided orally and blood samples were obtained before dosing, every 10 min during the first

hour; every 20 min between hour 1 and 2; half-hourly between 2 and 3h; hourly between 3 and 6

h; and at 8, 10, 12, and 24h after intake. From these values, apparent volumes of distribution,

plasma clearance, and bioavailability were determined. These parameters acted as model inputs

for the PK processes in the following simulations. Notably, model predicted values of volume of

distribution provided were standardized by weight. The representative weight of 70kg was
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selected for defining the VP and VB parameters herein. Furthermore, the concentration curves

provided by the authors visually well matched the curve shown in Figure 3, wherein the standard

dose of 100mg was utilized, though doses of 300-1200 mg have been tolerated (Senek 2018).

Khor et al. 2017 performed a meta-analysis of PK parameters of L-Dopa (LD) following

the administration of various CD-LD products in healthy individuals and Parkinson's patients.

One such study, Nyhol et al. 2012, was conducted with 19 healthy individuals. Subjects were

provided 100mg of standard, immediate-release L-Dopa and plasma tmax, t1/2 , Cmax and 24 hour

AUC values were reported. Half-life and time to maximal concentration were used as model

inputs, and plasma Cmax and AUC values were used to validate the model output. While the

model predicted AUC value of .126 mg/mL x min was above the experimentally recorded

average of .08254 mg/mL x min, this value is within one standard deviation. These results are

summarized in Table 5.

Parameter Experimentally Recorded Model Predicted

AUC (mg/mL x min) 0.0848 ± .0207 0.126

Plasma CMax (mg/mL) 0.000946 .00113

Table 5
Comparison of experimentally recorded vs model predicted values for AUC and Plasma Cmax

following 100mg oral administration L-Dopa.

Indicated therapeutic dosages for the different representative substrates ranged from .001

to 300+ mg and apparent volumes of distribution were likewise nonuniform. For ease of

comparison, a standard unit of percentage of administered dose, where administered doses

remained consistent with values indicated in Tables I - V, is used in the curves below. The curves

are displayed over a uniform 12 hour time interval in Figures 3-4. Figure 3 relates the two
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diffusive models: melatonin and nanoparticle. These processes display a far greater percentage of

administered dose that reaches the brain, though absorption and elimination of such dosage

occurs across a longer period of time. Figure 4 displays the brain concentrations of the three

CMT models — amine, neutral amino acid, and thyroid transport systems — across all of which

Cmax is relatively lower while Tmax is relatively quicker. These differences in kinetic parameters

are quantified for comparison in Tables 6 and 7.

Figure 3
Concentration profiles in the brain for two diffusive transport models — passive diffusion in blue

and adsorptive transcytosis in orange — with representative substrates of melatonin 2mg oral
administration and polymeric nanoparticles .001mg IV administration over 12 hour time interval.
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Transport
Model

Cmax
(% of Administered Dose)

Tmax
(mins)

Melatonin 30.703 117

Nanoparticle 5.481 380

Table 6
Comparison of kinetic parameters Cmax and Tmax in the brain for the two diffusive models:

melatonin 2 mg oral administration and polymeric nanoparticles .001 mg IV administration.

Figure 4
Concentration profiles in the brain for CMT process models with oral administration of

representative substrates — 100 mg L-Dopa, 550mg choline, and .05 mg T3 — over a 12 hour
time interval.
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Transport
Model

Cmax
(% of Administered Dose)

Tmax
(mins)

Amine .237 50.48

Neutral Amino Acid 2.125 60.723

T3 .189 192.78

Table 7
Comparison of kinetic parameters Cmax and Tmax in the brain following oral administration for the

three CMT models: amine, neutral amino acid, and T3.

B. MPC results

In order to assess the efficacy of the various pharmaceutical process models to the control

approach, the jet lag simulation demonstration in Abel et al. 2019, wherein a five hour phase

advance was followed by an eleven hour phase delay, was repeated. Time to completion for

phase resetting was then compared across models and against the values obtained by Abel et al.

2019. For perspective, this is the equivalent of an individual flying from Boston to London and

then London to Honolulu three days later.

From this point on, the use of the term “baseline” will refer to the MPC formulation —

including the tuning and design parameters — reported in Abel et al. 2019 wherein

pharmaceutical input is estimated via square wave.

In the baseline formulation, the sampling time ( ) and prediction horizon ( Np ) length ofτ

the control algorithm were set to = 2h and Np = 5, corresponding to 10h, respectively. Further,τ

the weights associated with the phase error and input, and respectively, in the cost𝑤ϕ 𝑤𝑢

function (Eq. 36) were set to one. A sampling time of 2h was selected as both = 1h and = 2hτ τ

allow for residual phase error to be corrected in 1-2 cycles, but a of 2h provides a 50%τ

reduction in computational and sampling costs without significant loss of effectiveness according
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to Abel et al. 2019. Notably, the sampling time affects the control performance for phase

resetting with evenly spaced switching times, and errors due to switching time occur where the

ipPRC crosses zero. In addition, the optimization problem in the MPC is susceptible to errors if

the slower phase shift direction is chosen to attempt reset. Changing the NP can affect the optimal

control trajectory based on the observable region — positive or negative — of the ipPRC. To

avoid an indecisive controller that changes direction during phase shifting, which would result in

slow phase reset, a two-stage optimization approach is used: the direction of reset is chosen first

using the preselected bound Δφb, which is set as the equal-time phase shift boundary Δφ*. Use of

Δφb ensures that the bounds on residual phase error hold (Abel 2019).

To incorporate PK/PD dynamics, the predictor formulation reported in Abel et al. 2019

has been augmented as described in Eq. 40. Across the pharmaceutical process models, Np values

of 3 and 5, corresponding to 6h and 10h respectively, were explored as they are sufficiently short

while providing flexibility to adjust control inputs preceding a zero-cross, minimizing errors that

accumulate at lower Np values. Furthermore, to adjust the aggressiveness of the controller in

response to input values of a different magnitude across models, , the weight associated with𝑤𝑢

control input in the cost function (Eq. 36), was manipulated to investigate controller response.

Finally, it is worth noting that no light input to the clock is assumed throughout the simulation.

The results of the simulated scenario for different PK/PD formulations are reported in

Figures 6-21, while the results obtained in Abel et al. 2019 are reported for comparison in Figure

5. The comparison among the proposed PK formulations is performed in terms of the required

time for phase resetting and reported in Table 9.
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Figure 5
Results of baseline jet lag trial, involving a 5h phase advance followed by 11h phase delay, with
PK input represented by instantaneous square-wave input at brain level where umax = .06, Np = 5,

= 2h, wu =1, and w𝛗 = 1. In the top panel, the phase of the oscillator under MPC in green isτ
compared with the reference trajectory in black. In the bottom panel, the corresponding ipPRC is
reported in black, while the optimal control inputs are reported in red with the axis on the right

side. In both shifts, re-entrainment is achieved in less than 36h.

To validate the convergence of the system phase (φ(t)) with the reference trajectory phase

(φr(t)), the evolution of phase for the two functions are plotted in Figure 6(i)  and a case of

unaltered system phase, wherein no input was administered and thus no convergence towards

reference phase occurred, is shown in Figure 6(ii) for comparison.
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i ii
Figure 6

Results of MPC solution to jet lag trial on phase of oscillator to (i) show convergence of MPC
phase trajectory with reference trajectory for square wave approximated input and to (ii) show

non convergence in the case of no input to cause realignment. The reference trajectory step
(sampled every 2h) and tight (sampled every .1h) φ are reported in blue and red respectively and

the MPC φ are reported in green.

The first PK model to be investigated was the model describing the administration of

melatonin, which, by nature of passively diffusing across the BBB, is treated as a control drug.

The melatonin process model is expected to be the “worst case” scenario of physiologically

accurate dosing, since passive diffusion represents the slowest reasonable transport method. The

MPC design and tuning parameters for this PK model are = 2h, Np = 3, wu= 1, w𝛗 = 1, andτ

umax= 2mg. The capacity of the melatonin process to achieve control under these specifications

are displayed in Figures 7 and 8.
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Figure 7
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with

melatonin PK input where = 2h, Np = 3,  wu= 1, w𝛗 = 1, and umax= 2mg. In the top panel, theτ
phase of the oscillator under MPC in green is compared with the reference trajectory in black. In
the bottom panel, the corresponding ipPRC is reported in black, while the optimal control inputs

are reported in red with the axis on the right side. In both shifts, re-entrainment is achieved in
under 66h.

Figure 8
Results of MPC solution on phase of oscillator to show convergence of MPC phase trajectory

with reference trajectory for melatonin PK input where = 2h, Np = 3,  wu= 1, w𝛗 = 1, and umax=τ
2mg. The reference trajectory step (2h) and tightly (.1h) sampled φr(t) are reported in blue and

red respectively and the MPC φ(t) are reported in green.
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To explore the effect of different combinations of the MPC tuning parameters on

performance, a series of experiments were considered wherein the tuning parameters of Np, umax,

and wu were adjusted to determine more appropriate values. Values were specified in order to

achieve fast convergence while preventing overdosing. A selection of these results are displayed

in Figures 9-21.

The first parameter explored was Np. Figure 9 reveals the results of increasing the

prediction horizon in the melatonin input model from 3 to 5. Longer prediction and control

horizon length allows more of the negative ipPRC region to be initially visible. While in theory

this can achieve faster convergence for phase delays by reducing lag time, under this

physiological dosing process this resulted in an excessive dosing pattern at the occurrence of the

11h phase delay. Thus, an NP of 3 was targeted for future experiments.

Figure 9
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with

melatonin PK input where = 2hr, Np = 5,  wu= 1, w𝛗 = 1, and umax= 2mg. In the top panel, theτ
phase of the oscillator under MPC in green is compared with the reference trajectory in black. In
the bottom panel, the corresponding ipPRC is reported in black, while the optimal control inputs

are reported in red with the axis on the right side.
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The capacity of the nanoparticle PK model was explored subsequently. Since it is also a

diffusive model, its implementation structure was similar, though, the dose is administered by an

IV bolus rather than oral absorption. The results of the nanoparticle PK model, parameterised by

Np = 3, = 2h, wu = 1, w𝛗 = 1, and umax = .06mg, are displayed in Figure 10, revealing the smallerτ

pharmaceutical dosages that reach the brain and the slower pharmacokinetics of nanoparticle

adsorptive transcytosis result in reduced capacity to achieve rapid phase reset.

Figure 10
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with

nanoparticle PK input defined by Np = 3 and = 2h, wu= 1, w𝛗 = 1, and umax= .06mg. In the topτ
panel, the phase of the oscillator under MPC in green is compared with the reference trajectory
in black. In the bottom panel, the corresponding ipPRC is reported in black, while the optimal
control inputs are reported in red with the axis on the right side. Re-entrainment is achieved in

84h.

After examining the control performance of the two passive models, the three CMT

mechanisms were investigated. Initially, under the baseline set of parameters from Abel et al.

2019, the controller was unable to reset the phase shift, as shown in Figure 12. The limitation

was due to the upper bound on the control input. When the umax value remained at .06, the
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controller was able to input no more than .06 at the gastrointestinal level, as shown in Figure

11(i), which resulted in an irrelevant dose at the BBB level, as shown in Figure 11(ii). Analysis

of the reduction associated with drug transport through the body revealed that insufficient drug

was delivered to act on the circadian oscillator, and, subsequently, no phase shift was induced.

(i) (ii)
Figure 11

Relationship between (i) u input values by the controller (Us MPC) and (ii) u values that reach
the brain to act on the circadian system (Us PK) for amine CMT input model with umax = .06.
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Figure 12
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with

amine CMT PK input defined by Np = 3, = 2h, wu= 1, w𝛗 = 1, and umax = .06. In the top panel,τ
the phase of the oscillator under MPC in green is compared with the reference trajectory in
black. In the bottom panel, the corresponding ipPRC is reported in black, while the optimal

control inputs are reported in red with the axis on the right side. Without dosing, re-entrainment
is not achieved for either shift.

In order to resolve this problem, the upper bound of the control input had to be rescaled.

To determine an appropriate upper bound, the parameter was defined such that the input at the

gastrointestinal compartment could not lead to a value of KL001 at the brain that exceeded .06,

and the dosage must lie within the therapeutic range associated with oral administration of the

representative substrate. Indeed, the results of altering this constraint on dosage values are shown

in Figure 13 below for amine CMT where umax is increased to 16.5.
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(i) (ii)
Figure 13

Relationship between (i) input values by the controller (Us MPC)  and (ii) input values that
reach the brain (Us PK) to act on the circadian system as modeled by CMT amine transport

where umax= 16.5mg.

After elucidating the capacity for impact on control associated with the umax value, the

opposite extreme, wherein umax was exceedingly beyond physiological parameters, such that the

umax reaching the brain was at concentrations equivalent to therapeutically indicated doses for

oral administration, was explored as a thought experiment. In this case, input weights in the cost

function in Eq. 36 had to be drastically lowered compared with the baseline formulation value to

prevent the controller from acting to minimize error by simply zeroing dosing; the results of this

experiment on the CMT amine model are shown in Figure 14, where an extreme dosing regimen

results in complete degradation of rhythmic oscillation.
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Figure 14
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with

melatonin PK input defined by Np = 5 and = 2h, with umax at brain = 2  In the top panel, theτ
phase of the oscillator under MPC in green is compared with the reference trajectory in black. In
the bottom panel, the corresponding ipPRC is reported in black, while the optimal control inputs
are reported in red with the axis on the right side. Overdosing causes degradation of the circadian

oscillator.

Ultimately, the umax parameter was adapted within feasible physiological ranges to bring

the input value at the brain as close to, without exceeding, .06 as possible. These physiologically

plausible input parameters are displayed in Table 8.
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Transport Model umax Value (mg)

Square Wave .06

Melatonin 2

Nanoparticle .06

Amine 16.5

Neutral Amino Acid 3

T3 4.3

Table 8
Therapeutically viable umax values indicated for each transport model where umax is constrained at

BBB for baseline, in plasma for nanoparticle, and in gastrointestinal compartments for
melatonin, amine, neutral amino acid, and T3 transport processes.

In addition to exploring the results of variable umax parameters, simulations were repeated

varying the weight, wu, on input associated with the cost function. In theory, lowering the cost

associated with dosing could allow control with lower physiological doses. Initially, input weight

reduction was applied to the melatonin model, however, this resulted in an overcorrection

behavior from the controller. As inputted dose increased, the concentration in the brain remained

uncleared before subsequent dosing, causing the circadian oscillator to be overdosed and phase

to be shifted beyond the intended realignment. This phase then had to be readjusted backwards

by subsequent dosing. This pattern is best seen in the behavior of the MPC and reference phase,

φ(t) and φr(t) respectively, in Figure 15, where the φ(t) of the oscillator under control “flip-flops”

between sides of the reference phase.
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Figure 15
Comparison of MPC and reference phase trajectories, φ(t), for “over-corrective” melatonin PK
administration model where input where = 2h, Np = 3, w𝛗 = 1, umax at brain = 2mg and wu =τ

.001.

For the case of amine and neutral amino acid transporters, however, which display far

faster kinetics and thus reduced capacity for the ‘lingering dose’ effect, lowering wu allowed for

improvement of control as shown in the differences in rate of phase reset between Figures 16 and

17.
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Figure 16
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with

Amine CMT PK input defined by Np = 3, = 2h, umax = 16.5, w𝛗 = 1, and wu = .01. In the topτ
panel, the phase of the oscillator under MPC in green is compared with the reference trajectory
in black. In the bottom panel, the corresponding ipPRC is reported in black, while the optimal

control inputs are reported in red with the axis on the right side.

Figure 17
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with

amine CMT PK input defined by Np = 3 and = 2h, umax = 16.5, w𝛗 = 1, and wu = .001.In the topτ
panel, the phase of the oscillator under MPC in green is compared with the reference trajectory
in black. In the bottom panel, the corresponding ipPRC is reported in black, while the optimal

control inputs are reported in red with the axis on the right side.
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When the same approach of reducing the wu value with respect to the baseline

formulation was applied to the T3 process model, which exhibits far slower clearance rates, the

result was a costly over-eagerness to dose. Without allowing sufficient time between doses to

clear drug concentration, the controller dosed continuously, causing a build-up of drug as a result

of the delayed kinetics of physiological dosing. This compounding effect resulted in surpassing

KL001 umax action values and degradation of the circadian oscillator as shown in Figure 18.

Figure 18
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with T3

CMT PK input defined by Np = 3 and = 2h, umax = 40 , wu = .001.In the top panel, the phase ofτ
the oscillator under MPC in green is compared with the reference trajectory in black. In the

bottom panel, the corresponding ipPRC is reported in black, while the optimal control inputs are
reported in red with the axis on the right side. Overdosing causes degradation of the circadian

oscillator.

As a result of the described trial-and-error approach, the MPC parameters were ultimately

tuned to achieve the fastest phase reset for each PK model with physiologically plausible

administration values, per Table 8. These values and results are shown in Figures 19 - 21 and

Table 9.
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Figure 19
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with

amine CMT PK input defined by Np = 3, = 2h, umax = 18mg and wu = .001. In the top panel, theτ
phase of the oscillator under MPC in green is compared with the reference trajectory in black. In
the bottom panel, the corresponding ipPRC is reported in black, while the optimal control inputs

are reported in red with the axis on the right side. In both shifts, re-entrainment is achieved in
under 54h.

Figure 20
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with

Neutral Amino Acid CMT PK input defined by N p = 3, = 2h umax = 3mg, and wu = .001.In theτ
top panel, the phase of the oscillator under MPC in green is compared with the reference

trajectory in black. In the bottom panel, the corresponding ipPRC is reported in black, while the
optimal control inputs are reported in red with the axis on the right side. In both shifts,

re-entrainment is achieved in 48h.
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Figure 21
Results of the jet lag trial, involving a 5h phase advance followed by 11h phase delay, with T3

CMT PK input defined by Np = 3 and = 2h, umax = 4.3 , wu = .01. In the top panel, the phase ofτ
the oscillator under MPC in green is compared with the reference trajectory in black. In the

bottom panel, the corresponding ipPRC is reported in black, while the optimal control inputs are
reported in red with the axis on the right side. Re-entrainment is achieved in 72h.

The time required for phase resetting under the derived parameters for each baseline and

PK administration process are reported in Table 9.
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Administration Process
(Representative Substrate)

Time Required for 5h Phase
Advance (Hours)

Time Required for 11h
Phase Delay (Hours)

Square Wave 30 36

Melatonin 60 66

Nanoparticle - 84

Amine 50 54

Neutral Amino Acid 30 48

T3 - 72

Table 9
Comparison of time required for phase resetting under each administration process for the 5 hr

phase advance and 11h phase delay: square wave baseline, melatonin passive diffusion,
nanoparticle adsorptive transcytosis, amine CMT, neutral amino acid CMT, and T3 CMT.

IV. Discussion

A. PK/PD Models

Four main challenges were considered in the PK/PD modeling component of this work

that focuses on the optimisation of pharmaceutical administration models for circadian

entrainment via nonlinear MPC.

I. The lack of plasma and cerebrospinal fluid concentrations of KL001, exogenous
melatonin, or any of the representative substrates for the CMT models in the
literature.

II. The trade-off between a simple PK description and the elevated complexity of the
systems under analysis.

III. The absence of a well-established value for VB

IV. The lack of specific guidelines for the recommended drug dosage.

Given the availability of drug measurement in the plasma, the PK/PD models were

validated against experimentally recorded values in the plasma levels of representative substrates

(De Muro 2000, Khan 2018, Jonklaas 2015, Böckmann 2022, Senek 2018, Khor 2007).
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However, little literature could be found specifically regarding KL001 concentrations or

recording CSF concentrations of exogenous melatonin or any of the representative substrates for

the CMT process models. Further, for melatonin, the problem is exacerbated by the difficulty of

discerning exogenous administration from endogenous production of the hormone, which

fluctuates naturally in concentration internally depending on the time of day. While this poses a

limitation in validating the exact value reaching the neuronal level following exogenous

administration, the identified kinetic parameters for the description of BBB transport were taken

directly from clinical studies by Pardridge et al. 1977, which provide a certain level of

confidence.

Furthermore, approximate descriptions of these processes are inherently susceptible to

limitations due to the intrinsic complexity of biological systems, resulting in parameter values

that may stray from the reported values in literature (Jambhekar 2009). However, the PK models

described in Section II fit adequately to values obtained from the literature to provide desired

insights into the trend of pharmaceutical dynamic behavior at the brain level, as shown in Section

III-A.

An additional concern remains around the volumes of distribution in the brain (VB) of the

various substances, as it is a theoretical volume that would be necessary to contain the total

amount of an administered drug in the brain. Since no direct measurements in humans have been

made to provide an estimation of the VB, the value for VB was determined from comparison to

animal studies and available parameters in literature (van den Berg 2004, Pardridge 2012,

Pardridge 1979, Merkus 2003, Le Bars 1991, Johns 2011, Hammarlund-Udenaes 2008, Bickel

2005). As such, values for VB can be considered reliable within ranges supported by clinical

studies. Further, as a scaling factor, the value for VB does not actually impact the description of

48



the dynamic behavior, though it can pose the risk of incorrect quantification of the drug

concentration at the BBB level.

Ultimately, the indicated controller dosage values, thus, provide a reasonable range rather

than a rule. The exact concentrations of the doses, however, is ultimately inconsequential in the

assessment of the impact of pharmaceutical administration dynamics on the phase resetting

capacity of the therapeutic on a circadian oscillator: the topic under examination in this study.

Should such physiological dosing mechanisms prove dynamically and chemically feasible, future

work may look to increase the precision of BBB compartment scaling, allowing for more

confidence in the predicted controller concentrations to inform therapeutic window selection for

future in vivo trials.

In an ideal world, a transporter would be capable of temporally accelerating dosing such

that absorption and clearance rates allow near instantaneous input and sufficiently rapid

clearance between doses; as is the case for the square wave approximation. While this is

unrealistic, approaching these properties provides a clear metric for improvement. By

comparison, the linear approximation of the diffusive model set forth by melatonin can be

considered the “worst-case” acceptable baseline for physiologically plausible input.

As seen in Figures 3 & 4 and Tables 6 & 7, the two diffusive models display two notable

differences in concentration curve dynamics as compared to their CMT counterparts: namely,

that a far greater percentage of administered dose reaches the brain, but a longer time is required

to do so. This observation is consistent with the hypothesis that CMT offers a mechanism to

speed up passage across the BBB, confirming that for neural pharmaceuticals that require rapid

or frequent dosing, CMT mechanisms are a keen target (Hammarlund-Udenaes 2008). Indeed, as

seen in Figure 4, which shows the neural concentrations of the three CMT models, and in the
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comparison between Tables 6 and 7, Cmax is consistently lower while Tmax is relatively quicker. As

described above, the damping in Cmax as a result of the CMT administration mechanism is

essentially irrelevant, so long as it approaches the indicated action value of KL001, which is

relatively small (Abel 2019). In this problem, it is the property of Tmax reduction that is of

interest.

Between the two passive models, we observe large discrepancies in the dynamics of

transport as seen in Table 6. The nanoparticle model has a lower absorption rate constant and a

far lower elimination rate constant from the brain, as detailed in Section II-B. As a result, the

concentration waveform in the brain displays slow kinetics. Indeed, within the 12 hour time

interval displayed in Figure 3, the concentration does not return to baseline.

Of the CMT models, we see the fastest kinetics from the neutral amino acid CMT model,

kinetics faster than melatonin though slower than neutral amino acid from the amine CMT

model, and slowest kinetics from the T3 CMT models: the exact values are reported for

comparison in Table 7. Indeed, the T3 model, much like the nanoparticle model, barely manages

to clear a substantial percentage of the drug in the depicted twelve hour time interval.

Another point of interest regards concentration differences that occur between the plasma

and the brain as a result of active BBB transport mechanisms. Indeed, much like exogenous

melatonin administration, the concentration of amine substances such as choline, the

representative substrate explored here, in the CSF of healthy individuals is generally lower than

in plasma (van den Berg 2004, Allen 2003). On the other hand, L-Dopa and T3, the

representative substrates for neutral amino acid and T3 CMT systems, often exist at higher

concentrations (per L) in the brain. These relative concentration differences due to the kinetic

parameters of different transport systems modeled here have implications beyond circadian
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control problems. Indeed, should the development of other neuronal therapeutics be limited

largely by toxicity of a substance at certain concentrations, then the CMT transporter targeted

would be different than for a therapeutic that requires a large concentration for therapeutic

efficacy.

B. MPC Demonstration

A primary challenge in the design of the MPC algorithm was the decision on the upper

bound for the control input as this work aimed to optimize the control input acting at the

administration level and not at the neuron level directly as was done in Abel et al. 2019. As a

result, the tuning of the MPC had to be redesigned accordingly.

Abel et al. 2019 selected the umax parameter of .06 as it most closely linked the action of

the KL001 drug as detailed by St John et al. 2014: KL001 acts by slowing the degradation of the

circadian clock component (St. John 2014). Under this constraint and the non physiological

assumption of a square waveform administration profile, KL001 achieves phase rest in under 36

hours as displayed in Figure 5. However, the upper bound for the control input in the formulation

of the state predictor (Eq. 40) proposed in this work defines an upper bound not acting on the

circadian oscillator directly but of the drug dosage at the administration level. Before the

reformulation of parameter values to account for this difference, as reportedin Figure 6, this led

to concentrations reaching the brain that were insufficient to induce phase shifts.

While increasing the dose at the administration site is, thus, essential for instigating

manipulation of circadian oscillator phase, at the opposite extreme, should the magnitude of

KL001 acting on the oscillator substantially exceed .06 this could act to reverse the degradation

reaction. Notably, in the initial physiological formulation of the MPC, increasing the umax at the

brain to such a substantially high value, without adjusting the associated cost of dosing, results in
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a mechanistically equivalent outcome: the controller opts to apply no input to minimize the cost

function (Eq. 36) and the oscillator phase remains unchanged. To force the controller to input a

non-zero dose, the wu parameter associated with the cost function (Eq. 36) was tuned to reduce

the weight associated with the control input. By reducing the value by an order of 10 or 100, the

controller is incentivized to provide dosage, allowing this physiological extreme experiment to

be explored. In both Figures 14 and 16, we see the results of sporadic and continuous

over-dosing of KL001 under PK administration processes. The former leads to a spiking

behavior for the phase while the latter causes the complete degradation of oscillation: the

sinusoidal curve approaches linearity. Such behavior confirms the upper limit of action of KL001

at the neuronal level.

Between these extremes lies plausible doses for each physiological model; approaching,

though not exceeding, a concentration of .06 upon reaching the brain and lying within the

therapeutic window of the model's representative substrate at the site of administration. While

exact toxicity levels of a KL001-conjugated molecule in the plasma remain to be determined,

this provided a reasonable approximation.

With umax values plausibly reformulated for each model, the tuning of the weights in the

cost function (Eq. 36) and the length of the prediction horizon were examined under each PK

process model. For the neutral amino acid and amine CMT models, which show both great scale

reduction in the concentration at the brain level and rapid kinetics, reducing wu was key for

achieving a successful dosing strategy. The same approach, when applied in T3-CMT and

melatonin models was unsuccessful as higher initial doses combined with slower kinetics

resulted in a lingering control input, wherein subsequent administration was performed despite

lack of complete clearance of the previous administration, as shown in Figures 14 and 18. This
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caused the concentrations in the brain to reach dangerously high levels and the circadian

oscillator to be over dosed. In the case of the melatonin process, where the lingering

concentration from the persistent dose was relatively lower, the result was a rebounding or

flip-flop behavior as the controller attempted to re-correct the over-corrections caused by

extended dosing, as shown in Figure 15.

Ultimately, the temporal capacity of each PK process model to achieve phase resetting is

shown in Table 9 alongside the baseline formulation. Neither the nanoparticle nor the T3-CMT

model was quicker than the physiological baseline set forth by melatonin. The optimized

amine-CMT model, however, quite rapidly realigned phase, and the best performing neutral

amino acid CMT model was able to successfully realign the oscillator with only a delay of a few

hours compared to the square-wave baseline formulation. It is worth noting that achieving phase

reset in under 48h is still a substantial improvement on the capacity of natural light to re-entrain

circadian phase in jet lag scenarios, wherein the approximate rate of realignment is only 1 hour

of time zone change per day (LeGates 2014).

Such comparative analysis of phase shifting responses under varied input rates and

parameters reveals key insights into the mechanistic processes underlying circadian rhythm

regulation and function. Of note, circadian models completed by Brown and Doyle have relayed

disparity in period sensitivity between positive and negative feedback loops (Brown 2021). A

result of this prediction is the hypothesis that small molecule drug development for rapid

circadian phase shifting should focus on molecules that target the negative feedback loop (Brown

2021). The capacity of amine-CMT and neutral amino acid-CMT models for KL001 to produce

rapid phase shifting provides important support to the hypothesis that the positive feedback loop
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within the circadian system primarily functions to ‘confer robustness’ to oscillations and link the

circadian system to peripheral biological processes (Brown 2021).

V. Future Directions

As described, the MPC is formulated such that the cost function does not consider side

effects associated with different dosing methods. While the reconfiguration of umax values in an

administration dependent manner provides some bounds on the feasibility of dosing, future work

may consider introducing a sparsity constraint to induce a safer dosing pattern. Upper bounds on

input based on toxicity, or dose-response side effect profiles, would improve the applicability of

such a model in progressing to a clinical setting. In addition, to determine optimal inputs, the

current state is sampled directly from the physiological model. In a clinical setting, the

availability of the measurements of the system states is an unrealistic assumption. As such,

implementing an observer to predict the states would provide a more pragmatic representation

than figuring capacity for exact measurement.

While CMT has been shown to be a logical target for temporal administration, a key

question to address would be at what minimum rate a transporter would need to speed up

transport in order to bring about resolution. Should the rate still need to be increased beyond the

results presented here, other administration routes, such as transnasal or intravenous, may be

considered. Indeed, the administration of other drugs, such as insulin, has found success by

dosing into the perinatal space directly, essentially skipping the step of oral or subcutaneous

absorption (Dassau 2017). While a neurological drug will still face the BBB, the reduction of one

absorption step may be a strategy to achieve sufficient temporal acceleration.
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Furthermore, in reality, the application detailed above is performed by an individual with

prior knowledge of impending phase shifts. The current model does not anticipate disturbances,

instead reacting to phase differences. In future iterations, it would make sense to incorporate

such knowledge through announced disturbances. One such solution would be the

implementation of a disturbance feedforward compensation control to attenuate the time for

phase resetting.

VI. Conclusion

This thesis has investigated the parametric identification of three kinetically different

physiologically accurate administration mechanisms and the application of these models to a

control problem of selectively shifting the phase of a circadian oscillator based on the action of

identified small molecule KL001. Under the assumption that the kinetics of melatonin transport

provide a reasonable physiological baseline, CMT and nanoparticle transport were investigated

for their potential to temporally accelerate dosing, and the resulting impact of PK dynamics on

phase resetting capacity was investigated. Neutral amino acid CMT was consequently shown to

be the administration method capable of fastest re-entrainment, straying from a

non-physiological idealized model only by a matter of hours. Further, by targeting transporters as

an administration method, the present work has relayed how CMT has the potential to resolve

kinetic and chemical limitations set forth by the BBB, which acts as a barrier to neurological

pharmaceutical development. Future research should explore additional methods to optimize the

system response under the given and future administration constraints by implementing an

observer to estimate state values and closely considering toxicity or side effect profiles.

Ultimately, the addition of the PK/PD framework to the control framework for circadian
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oscillatory phase entrainment provides a more robust physiological model and a foundation for

future study: generating insights into the neuronal mechanisms underpinning circadian

oscillators, signal responses, and engineering solutions to the limitations set forth by the BBB as

we move toward therapeutic control of circadian rhythms.
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