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Abstract

The primary goal of this work was to develop a computational tool to enable personalized prediction of pharmacological
disposition and associated responses for opioids and antidotes. Here we present a computational framework for physio-
logically-based pharmacokinetic (PBPK) modeling of an opioid (morphine) and an antidote (naloxone). At present, the
model is solely personalized according to an individual’s mass. These PK models are integrated with a minimal phar-
macodynamic model of respiratory depression induction (associated with opioid administration) and reversal (associated
with antidote administration). The model was developed and validated on human data for IV administration of morphine
and naloxone. The model can be further extended to consider different routes of administration, as well as to study different
combinations of opioid receptor agonists and antagonists. This work provides the framework for a tool that could be used in
model-based management of pain, pharmacological treatment of opioid addiction, appropriate use of antidotes for opioid

overdose and evaluation of abuse deterrent formulations.
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Introduction

Over the past two decades in the United States, there has
been a dramatic rise in prescription pain medications and in
misuse of opioids. Pain medications are currently the most
widely prescribed class of drugs in the US, with an esti-
mated 245 million prescriptions dispensed in 2014 [1, 2].
At present prescription opioids are an important component
of chronic pain management. However, abuse and misuse
of these frequently prescribed products (25 million per
year) have created a national epidemic of addiction, over-
dose, and death [3]. In 2015, 12.5 million people (4.7% of
the population) in the USA older than 12 years of age
reported misusing prescription opioids and over 2 million
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people meet the criteria for severe opioid use disorder
(OUD) [4, 5].

Effective pharmacologic management of both acute and
chronic pain requires finding an appropriate balance
between analgesic effects and associated side effects.
Unfortunately, the patient pharmacological responses to
pain medications are highly variable, ranging from desir-
able pain relief, to inadequate pain control, to reward and
pleasure feeling, to the development of medication with-
drawal symptoms, opioid tolerance and addiction. The
pharmacological response greatly depends on the opioid
used (type, route of administration, dose, formulation,
addiction status), individual anatomy (age, gender, body
weight), genetic factors regulating opioid pharmacokinetics
(metabolism, transporters) and pharmacodynamics (bind-
ing to neuronal receptors and signal transduction). This
variability makes it also difficult to prescribe pain medi-
cation for a specific patient with a specific and subjective
level of pain. Owing to various opioids having different
speeds and durations of action, selection of an adequate
antidote dose is challenging. Personalized mathematical
models of opioid pharmacokinetics (PK) and pharmaco-
dynamics (PD) can become valuable tools in model-based
management of pain, pharmacological treatment of opioid
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addiction and safer use of antidotes for opioid overdose
[6-11].

This paper presents a computational framework for
modeling opioid PK, PD and neurophysiological responses.
Here we describe the physiology-based pharmacokinetics
(PBPK) model for an opioid (morphine) and an antidote
(naloxone) as well as a minimal PD model in the form of
morphine induction and naloxone reversal of respiratory
depression. The PBPK model has been validated on human
clinical data and was used to conduct parametric simula-
tions of the naloxone rescue effects as a function of time
delay and route of naloxone administration (IV) after
morphine intoxication. The model is being extended to
naloxone nasal administration.

Methods

A simulation framework for opioid PK, PD
and neuroadaptation

Recent progress in mechanistic, physiology and neurobi-
ology-based mathematical models of opioid pharmacology
provides the foundation for the development of personal-
ized and population-based computational models of opioid
pharmacology and neuroadaptation [7, 9, 12, 13]. The
ultimate use of such a framework would be to predict
individual-specific analgesic effects (dose—response) for
various types of opioids, addiction prevention medications
and overdose reversal treatments. Such framework should
comprise several components representing (i) opioid
chemical and pharmacological properties, (ii) individual-
specific anatomy, physiology and genetic characteristics,
(iii)) mechanistic models of whole-body PK and (iv) tis-
sue/cellular PD effects. Figure 1 schematically represents
various components of such a simulation framework.

As the majority of opioid action takes place in the
central nervous system (CNS), such framework should also
include brain region specific drug/metabolite biodistribu-
tion, receptor binding kinetics, neurotransmission and
neurobiology-based models of tolerance and addiction
[14-17].

Ultimately such a modeling framework should be
deployed on the cloud, accessible to mobile devices and
capable of collecting signals from wearable physiological
sensors to enable prediction of an impending overdose, and
automatically administer medical countermeasures [2]. The
present opioid PBPK and PD simulation tools have been
deployed on cloud computing servers and are freely
accessible for web-based simulations (http://medicalava
tars.cfdrc.com/index.php/opioids/).

@ Springer

Population-based models of morphine
and naloxone pharmacokinetics

PK models describe the relationship between drug concen-
tration(s) in the body as a function of time. Conventional PK
models divide the body into relatively few compartments
(central, peripheral) and solve simple ordinary differential
equations (ODEs) for drug concentration in these compart-
ments using lumped kinetic constants [18]. More advanced
models of physiology-based PK (PBPK) represent the
human body as a network of individual organs supplied by
the artery and drained by the venous pool [19].

PBPK models are expressed as a system of one-di-
mensional (1D) ODEs which govern drug mass transport
(convection, diffusion and chemical reaction) and charac-
terize the absorption, distribution, metabolism, and elimi-
nation of a chemical within the physiologically arranged
tissue compartments (e.g., gut, liver, kidney, lungs, brain).
PBPK models directly account for body anthropometric
and physiological characteristics (body weight, cardiac
output, organ blood flow rates, organ blood-tissue surface
area, and others). Various representations of individual
organs have been used ranging from well-stirred models to
organ models with spatially resolved blood and tissue
regions [20].

Physiologically-based layout of organ compartments
and associated PBPK parameters

In this work we employ a human PBPK model which
includes adipose, bone marrow, kidney, liver, spleen,
intestine, muscle, brain and lung tissues. The organs and
blood are represented as well-stirred compartments. The
lung compartment is used as a return from venous to
arterial pool (Fig. 2) through which all blood eventually
passes to become oxygenated, and as such is assumed to
have a blood flow rate equal to the total cardiac output. The
liver and connected organs (spleen and intestine) are
included to account for hepatic metabolism and circulation.
The residual compartment accounts for the volume and
flow of all organs and tissues not specifically depicted/
characterized in the model. The residual compartment is
divided into blood and tissue subcompartments to represent
vascularization differences (poorly and highly perfused).
As assumed in a previous study [21], our model assumes
blood comprises 5% of the total residual volume with the
remainder being tissue. Selected organ volumes, blood flow
rates, weight fractions and densities for humans obtained
from literature are shown in Table 1. The residual blood
volumetric flow rate was calculated by subtracting the
selected organ blood flow rates from the total blood flow
rate. The total residual mass was calculated similarly.
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Fig. 2 PBPK general layout of organ and blood compartments

All organ compartment and subcompartment volumes
depend on the total mass and are scaled for experiments
where the average human mass is anything other than
70 kg. Note that the liver exit flow rate is equal to the sum
of the spleen, intestine and liver inlet flow rates.

With the brain compartment housing the primary opioid
receptor targets, a higher resolution model was needed. The
advanced brain model used in our simulation is adapted
from [22]. The p-opioid receptor is a transmembrane
receptor that is activated by opioid compounds in the brain
interstitial fluid, and as such requires further resolution of

the brain tissue compartment described in literature [22].
Thus, in our model, the brain tissue compartment is divided
into 5 sub-compartments: brain tissue, brain blood, brain
interstitial fluid (ISF), cranial cerebrospinal fluid (CSF) and
spinal CSF (Fig. 3). Brain sub-compartment volumes used
in simulation are shown in Table 2.

A number of transport phenomena are captured in the
model, including: fluid flow (Q,), active transport (J; og../
) and passive permeability (PS;). Physiological fluid
flow values used in simulation and shown in Fig. 3 are
provided in Table 2.

Governing equations for drug transport

Organ transport (excluding brain and residual tissues) is
assumed to follow perfusion-limited kinetics characterized
by,

dc; C;
V- S = 0 ( Carrpr — 1
I 0 ( ART _PL Ki) (1)

where V; represents the compartmental volume, C; is the
concentration, Q; is the organ specific blood flow rate,
Carr pr represents the arterial plasma concentration
entering the organ and K; represents the tissue specific
partition coefficient. The perfusion limited equation for the
lungs differs due to the direction of flow,

dC, Cr,
;tung = Oblvod * <CVEN - K;:Z) (2)

VLung .

where Qp,04 18 the total cardiac output and Cyy is the venous
concentration being carried into the lungs.The residual com-
partment contains blood and tissue subcompartments,
accounting for blood perfusion variation throughout the tissue
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Table 1 Physiological

parameters for a 70 kg adult Organ Volume® (L) Blood flow rate® (L/min) Weight? fraction Density® (g/cm”)
male Arterial Blood ~ 1.928 5.325 0.049 1.058
Venous Blood 3.855 1.058
Lungs 1.253 5.325 0.0137 1.05
Brain 1.553 0.639 0.02068 1.04
Muscle 32.175 0.905 0.44861 1.04
Adipose 10.725 0.266 0.1307 0.923
Bone 9.300 0.266 0.15940 1.4
Kidney 0.330 1.012 0.00602 1.050
Liver 1.808 0.346 0.03283 1.08
Spleen 0.203 0.1065 0.00291 1.06
Intestine 1.770 0.799 0.01557 1.042
Lumen 2680.9° - 0.0362 1.042#
Residual 6121.7° 0.985 0.08438 1.02"
Afrom [65] unless otherwise indicated
°Lumen volume = Weight_Fractiony ymen, *Human_weight/Density; ymen
“Residual volume = Weight_Fractiongesiqua*Human_weight/Densityresiqual
dCalculated from PK-SIM data
°Taken from Supplementary material for [66]
fLumen Weight Fraction [21]
€Lumen Density is assumed to be same intestine
"Residual density is the mean of all other densities
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collective. The rate of change of drug concentration in the
residual blood compartment is as follows,

dCRES_Blood

7 = ORES_Blood

VRES_Blood *

- (Carr_prr — CRES_Blood)
- PSRESABloodATissue

CRES_ Tissue
| CrES_Blood — 5
KRESATissue

(3)

where PS; piooq_tissue Tepresents the permeability surface
area product for transport from blood to tissue. It was
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assumed that no partitioning occurred between arterial
blood and residual blood, thus the lack of a partition
coefficient in the perfusion limited portion of Eq. 3. As
such, the ODE for concentration of the residual tissue
compartment is characterized by the permeability-limited
equation only, given by,
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Table 2 Geometric and

transport parameters for the Parameter Value Reference values
resolved brain compartments Vrain_Blood 82.1 mL 5% total brain volume [12]
75 mL [67]
Vcra_csF 130 mL [68]
VspL_csF 30 mL [68]
V _Brain_Tissue 1399 mL Calculated as residual brain volume

Qcp CSF production

QSPL_CRA
QSPL?Abs

QCRA?Abs

Qbuik
QgrB
Qcra_spL
fucsk
Agpp

ACSF_BB

03500 mL/min 0.3-0.4 mL/min [69]

0.41-0.19 mL/min (age dependent) [70]
7 mL/h [71]

Calculated 38% of total Qcp [72]
Calculated 62% of total Qcp [72]

25% of total CSF production [72, 73]

Equal to Qpyx from flow balance

0.1167 mL/min
0.1330 mL/min
0.2170 mL/min
0.0875 mL/min
0.0875 mL/min

0.3372 mL/min Calculated from flow balance

1 (Assumed negligible for both drugs)
20 m? [74]
0.02 m? [75]

Morphine brain transport parameters

PSisE csk 1E—1 L/min Calibrated
PSgt 1E—1 L/min Calibrated
JISF_Influx 1E—2 L/min Calibrated
JISE_Efflux 1.6E2 L/min Calibrated
JeSE nflux 3E—1 L/min Calibrated
JesE Effux 1E3 L/min Calibrated
Naloxone brain transport parameters
PSisk csk 3E—2 L/min Calibrated
PSgt S5E—1 L/min Calibrated
JISE_Influx 3E1 L/min Calibrated
JISE_Efflux 5.4E1 L/min Calibrated
JCSF nflux 8.9E1 L/min Calibrated
JesF Efflux 3.5E—1 L/min Calibrated
VRES_Tissue W = PSRES_Blood_Tissue Visr dZIZSF = (0888 - Ciy) — (Qvuik - Cisr)
( CRES_Tissue) — (CLyetan - fussrCisr)
“\ CrES_Blooda — ————
KRES_Tissue

(4)

In the brain, a system of differential equations was devel-
oped to characterize the subcompartmental rate of change
of drug concentration using a flux balance formulation. For
the brain interstitial fluid compartment the mass balance
yields,

+ EJ 1SF _infuux * fitgs Cap)
Jist _egiux - fusseCisr)
+ PSisr (fupyCry — fitisr Cisr)
+ PSisr_csr (Ceestfucsr — fuusrCisr )

C
— PSpr (fulsFCISF — fupr - ka? )

where subscripts ISF, Ccsf and Bb represent the brain
interstitial fluid, cranial CSF and brain blood compartments
respectively, V is the volume, Jisr_ppe and Jisr_ggu
represent active drug transport across the blood-brain
barrier (BBB) into and out of the brain tissue respectively,
C is drug concentration, PS is the permeability surface area
product, CL,,..., i1s the linear metabolic rate of drug
metabolism, and fu is the unbound drug fraction. The brain
tissue mass balance yields,

(5)
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dCpr

V
BT~

C
= PSpr <fMISFCISF — fupr - ka?)

- (CLmemb . CBT 'fuBT) (6)

where k., is the brain tissue to blood partition coefficient
and the subscript BT represents the brain tissue compartment.
A mass balance over the spinal CSF compartment yields,

[Kozw X (an,tissue +0.3 x Vp,tisxue)] + |:07 X Vp‘n‘ssue + Vwc,tissue F

area values used in simulation for the BBB and CSF-blood
barrier are given in Table 2.The equation for the partition
coefficients of the selected organs was obtained from lit-
erature [23]. The partition coefficient equation depends on
the physicochemical properties of a drug and the water and
protein content of the specific organ tissues.

uJissLle:| ( 11 )

K; =

[Ko:w X (anAplasma +0.3 x VpA,plasma)] + |:O7 X melasma + Vwc,plasma Fu,p/axmai|

dCoesf where K,.,, is the water: vegetable oil partition coefficient
Vsest a (QCRA_SPL - Ceeyr ) - (QSPL_CRA “ Csesf ) determined from the drug specific LogP, V,; issue and V,,; .

— (Ospr_ass - Csesf)
(7)

where the subscript S, represents the spinal CSF com-
partment. Mass balance for the cranial CSF compartment
yields,
dCeqy
VchfTth = (OspL_cra * Csest) — (Ocra_spr - Ceesf)
— (Ocra_ass - Ceesr) + (Qep - Cip)
+ (Quuik - Crsr) — (Jesr_gu - ftcesy Ceest)
+ (Jesp_mpu - funsCrp
+ PScsr (fusyCop — fcesy Ccess)
+ PSisr_csr (furse Cise — fucesf Ceesy)

(8)
Finally, a mass balance about the brain blood compartment
yields,

dCpgyp

Vb 7k Opra(Carr_pL — Cr) — Ops5 - Cop — Qop

- Cpp + Ocra_ass - Ccesr + Ospr_ags - Csesy
— (JisF—mftux - fuppChp)

+ (Jisr—Egus - furse Cisr)

— (Jesp—mpux - fuppCap)

+ (Jesr—fu - fucesyCees)

+ PSisr (fusse Crse — fupsCap)

+ PScsr (fucesr Ceess — fupyChp )

©)

Blood barrier permeability values for the brain (PS;sr and
PScsr) are calculated based on diffusivity through a
membrane barrier, given by,

_ Ddrug 'Ai

PS;
0;

(10)

where D is drug-specific free diffusivity, A is surface area
of the barrier and & is membrane thickness. The surface
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plasma are the volume fractions of neutral lipids in tissue and
plasma respectively, V, is the volume fraction of phos-
pholipids, V,,. is the fractional water content and F,, is the
unbound fraction. For this equation, tissue is considered as
a mixture of water which contains neutral lipids, proteins,
and phospholipids. The mixture is considered to be 70%
water and 30% neutral lipids (by volume). This assumption
comes from the fact that the hydrophilic/lipophilic balance
value of phosphatidylcholine, which represents the com-
mercial phospholipid, is reported as 14—15, with a value of
14 implying phospholipids in tissue behave as they would
in a mixture of 70% water and 30% lipids. Poulin et al.
provide a list of the fractional water, neutral lipid and
phospholipid content of various organ tissues in rabbits,
rats and mice [24, 25] which they obtained from literature.

While many of the parameters in our model were
physiologically, anatomically or phenomenologically
based, some parameters were not readily available in lit-
erature. Drug specific active transport and permeability
parameters utilized in the enhanced brain model were
calibrated for this reason. These values are provided in
Table 2. While specific values for these parameters were
not available, guidelines for their calibration were found in
literature. In terms of active transport, morphine is a known
Pgp (P-glycoprotein) substrate [26-28]. Pgp transporters
actively efflux morphine from the brain capillary
endothelium, acting as a barrier to BBB transport. We took
this to indicate that active efflux of morphine should be
greater than active influx, and thus implemented this con-
straint during calibration. The CSF-blood barrier is
“leakier” than the BBB. As such, we applied two more
constraints: (i) CSF-blood barrier permeability and active
influx should be higher than that of the BBB for a given
drug and (ii) active efflux should be lower than that of the
BBB for a given drug. Permeability between brain ISF and
tissue was calibrated so that the concentration of morphine
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in brain tissue was approximately twice that of brain ISF,
in accordance with experimental data found in literature
[29].

Morphine-specific pharmacokinetics

Morphine is an opiate analgesic that acts directly on the
central nervous system to relieve pain. Though morphine
was discovered over 200 years ago, it remains the gold
standard against which new post-operative and cancer-re-
lated pain relief is measured [30]. Morphine’s ability to
induce euphoric and relaxed feelings renders addiction
potential high. Morphine can be administered orally,
intravenously, intramuscularly, subcutaneously or rectally.
Post-operative pain relievers, such as opioids, are typically
administered into a patient’s IV at regular intervals [31].
With this in mind, we selected morphine as the test case for
our model, validating on IV bolus and IV infusion
administration clinical data.

Morphine was assumed to instantaneously distribute to
the entire venous volume. Morphine transport is charac-
terized as previously discussed in the PBPK model
description. The physicochemical properties of morphine
(Table 3) dictate transport. Metabolism of morphine also
contributes to PK changes and is considered in our model.
Morphine metabolism has been reported in the liver
[32-34] and brain [35, 36].

Morphine is primarily metabolized by glucuronidation
via UGT2B7 [32]. Hepatic metabolism was reported to
follow Michaelis—Menten kinetics,

Vmax : CLiver f Utissue

Riiver = 12
e Km + CLiver 'furissue ( )

where Ry;., is the reaction rate, fi;s,. iS the unbound
tissue fraction and V,,,, and K,, are Kkinetic constants.

Table 3 Physicochemical Properties of Morphine

Cranial metabolism was assumed to follow first-order
kinetics,

(13)

where kp,4in_merap 15 the brain tissue metabolism rate con-
stant. Drug metabolism can also occur within the brain
interstitial fluid. The metabolic constant for brain ISF was
assumed to be the same as that in brain tissue, as such data
was not available in literature. Nearly all morphine and
metabolites are excreted renally [37], of which only a small
fraction is unchanged morphine. Unchanged morphine
excretion is assumed to follow first-order Kinetics,

RBrain - kbrain_metab . CBrain_Tissue 'futissue

EKidney =k, - CKidney 'fulissue (14)

where k, is the renal elimination rate constant.
Naloxone-specific pharmacokinetics

Naloxone is a p-opioid antagonist with a high affinity for
the p-opioid receptors in the central nervous system.
Naloxone reverses opioid analgesic effects by binding to
opioid receptors and inhibiting typical opioid actions
including analgesia, euphoria, sedation and respiratory
depression [38]. Naloxone is typically administered intra-
venously, intramuscularly and subcutaneously in hospital
settings and intranasally in prehospital settings [39].
Naloxone is currently the primary antidote to opioid drug
overdose.

With these considerations in mind, we validated our
integrated PBPK and PD model using IV bolus adminis-
tered naloxone. The naloxone dose was assumed to dis-
tribute instantaneously to the entire venous volume, same
as morphine. Naloxone transport was also described by the
PBPK model discussed previously in this paper. The

Parameter® Value Unit

Molecular weight 285.34 g/mol

LogP 0.77 -

Unbound fraction: plasma (fi,,) 0.62 -

Unbound fraction: tissue (fi,) 0.45 -

Blood to plasma partitioning (Kppiood-cer) 1.08 -

M6G maximum rate of reaction (V,,, msc) 1917 pmol/min/mg microsomal protein
Morphine metabolite M6G Michaelis—menten constant (K, Méc)b 1120 pmol/L

M6G Maximum rate of reaction (V,, a3c) 9250 pmol/min/mg microsomal protein
Morphine metabolite M3G Michaelis—menten constant (K, M‘;G)b 1110 pmol/L

Renal clearance (k,) 8 L/h

4 [32] compiled this collection of parameters from literature
®Taken from [76]
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Table 4 Physicochemical Properties of Naloxone

Parameter Value Unit
Molecular weight® 327.375 g/mol
LogP? 2.09 -
Unbound fraction: plasmab (fu,) 0.62 -
Unbound fraction: tissue (fi,) 0.77 -
Blood to plasma panitioningb (Kppiood-ceil) 1.08 -
“From [39]

*From [41]

physicochemical properties of naloxone dictate transport
(Table 4).

In addition to transport, the naloxone metabolism con-
tributes to PK changes. Naloxone metabolism has been
reported in the liver [40, 41], intestines [41] and brain [35].
Intestinal and hepatic metabolism were shown to follow
Michaelis—Menten kinetics (see Eq. 12). The metabolic
constants for intestinal and hepatic metabolism were
obtained from rat studies [41] and so were scaled by
microsomal protein content to obtain parameters to fit our
human model. Cranial metabolism was assumed to follow
first-order kinetics (see Eq. 13). The brain metabolism rate
constant was calculated by the summing the brain tissue
metabolism rate constants reported in literature [35].
Naloxone excretion also contributes to PK changes.
Naloxone is primarily excreted in urine. Naloxone excre-
tion is assumed to follow first-order kinetics, same as
morphine (see Eq. 14).

Pharmacodynamic Models of Morphine
and Naloxone

The p-opioid receptor (R) is the primary target for mor-
phine binding where it acts as an agonist to elicit its
analgesic effect. Excessive doses of morphine can trigger
other undesired effects such as euphoria, nausea, respira-
tory depression and death [38]. A prolonged period of
respiratory depression can lead to respiratory arrest and
eventually death. Naloxone has a high affinity for the p-
opioid receptor and works to reverse respiratory depression
through competitive binding and displacement of bound
opioids [42].

Our pharmacodynamic model characterizes respiratory
depression as a function of morphine-receptor binding
similar to [43]. Morphine and naloxone receptor binding is
characterized by equilibrium equations,

d[MR)
dt
And

= RonM [M] [R] - kOﬂlM[MR]

(15)
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d[NR]

dt = kon,N [N} [R] - koﬂ,N [NR]

(16)
where k,, and k,; are receptor equilibrium rate constants.
The total number of receptors (R,) is

R, = [R] + [MR] + [NR| (17)

where, [R] is the number of unbound receptors. Substitut-
ing Eq. 17 in Eq. 15 and Eq. 16, and normalizing by R,
gives

IR s M)[1 ~ R~ R ~ kg [WR]  (19)
And

VR )11 — R~ ) — ko o[V (19)

where [MR] =% and [NR] =L are the normalized

concentration of receptor-bound morphine and naloxone.
Time dependent solutions to Egs. 18 and 19 act as input for
the PD equation.

Olofsen et al. [43] went a step further to simplify the
above differential Eqgs. (18 and 19) into algebraic expres-
sions by assuming that k,zy (naloxone dissociation con-
stant) is large [44]. With this assumption and at steady
state, Eq. 19 reduces to,

(1 78]

[N_] - kpn + [N]

(20)
— Ky — ko
where kpy = 725 and kpy = 725
Substituting Eq. 20 into 21 and assuming steady state
we obtain,

= (M][1 - X]
[MR] = kpy + [M][1 — X]

(21)

and X = M _
kpn+[N] Lo
Values for the binding constants kpj, and kpn are
provided in Table 5. The values input for [M] and [N] are
the respective total brain ISF concentrations. This gives us
two approaches to modeling receptor binding, and the
results for both model approaches are presented in the

RESULTS section.

Table 5 Parameters for PD model

Parameter Value® Unit
Naloxone receptor binding ratio (kp x) 1.840 nmol/L
Morphine receptor binding ratio (kp,ss) 78.6" nmol/L

4 Parameter values taken from literature [32]
"Calibrated within SD of Ky, 5s and Koy as
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Drug efficacy was evaluated on a measurable endpoint,
the fractional modification of ventilation (Vg). Ventilation
(units of L/min) is calculated by multiplying the respiratory
rate (breaths/min) by the tidal volume (lung volume rep-
resenting the normal volume of air displaced between
inhalation and exhalation in the absence of excess effort).
The baseline values for tidal volume and respiratory rate
provided in the literature were 1.3 L and 19.1 breaths/min,
respectively. The PD model for ventilation modification
was assumed to depend on [MR] as proposed previously
[43], and given by,

Vg =Vy- (1— [MR]) (22)

where, V), is the baseline respiratory/ventilation rate. Also,
since [MR] is normalized, i.e. (0<[MR]<1), it follows
that (O <Vp< V()).

All simulations were performed using an in-house
developed, multiscale, multiphysics open source software,
Computational Biology (CoBi) Tools. These tools have
been developed and validated under several projects with
DoD, NIH, CDC, FDA, NASA and US bio-pharma
industry [45-47]. The model code is provided in Online
Resource 1.

Results

Validation of morphine PBPK Model on human
clinical data

The morphine PBPK model described above was used to
simulate IV bolus and IV infusion administration of mor-
phine in humans. Concentration—-time profiles from simu-
lations were compared to the clinical observations in
human-studies to validate the model. PBPK model vali-
dation criteria included (i) matching the general trend of
the clinical data, (ii) model overlap within the clinical data
error bars (when available), (iii) model AUC falling within
the reported AUC range from clinical data (when avail-
able), (iv) model drug half-life lying within the reported
clinical data range. Models were considered validated if
they matched criteria (i) and at least one of the other three
criteria. The same criteria was used to validate the PBPK
model on naloxone. A brain ISF to brain tissue concen-
tration ratio of approximately 2 at Cmax [29] was used to
validate the brain model for morphine.

For the first model validation, simulated total plasma
concentration after IV bolus administration of 5.64 mg of
morphine was compared to the clinical observations from
[48]. This population-based clinical study was performed
on 8 healthy, young volunteers (4 males; 4 females) with
an average weight of 70.5 kg. The average weight was
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Fig. 4 Total morphine concentration in arterial plasma (observed vs.
simulated) after IV bolus administration of 5.64 mg morphine. The
experimental data was reported by [48], presented as a collection of
individual data

considered in the model simulation for scaling of physio-
logical parameters as identification of individualized PK
data and weight was not possible. Figure 4 presents both
the clinically observed and model simulated morphine
plasma concentration profiles as a function of time. The
simulation results are well within the range of the con-
centrations observed in the clinical data set for the popu-
lation and follow the general trend for morphine
distribution in unbound plasma.

Another simulation was performed to compare and
validate the morphine PBPK model for IV infusion
administration. Figure 5 shows the simulated arterial
plasma concentration compared to observed data [49] after
an 8.8 mg IV infusion of morphine given over 7 min. In
this clinical study, morphine was administered intra-
venously in 13 subjects with a mean weight of 74 kg. All
volunteers were young and healthy in the age group of
2245 years of age. Simulated profile during the infusion

10

® (Clinical Data

—Model Simulation: Total Plasma Conc.

Morphine Plasma Conc. (nM)

0 50 100 150 200
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Fig. 5 Total morphine concentration in arterial plasma (observed vs.

simulated) after IV infusion of 8.8 mg morphine over 7 min. The
experimental data was reported by [49], presented as the mean £+ SD
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phase matches very well with experimental data. The dis-
tribution phase morphine concentrations predicted by the
PBPK model are slightly higher than observed data.
However, it must be noted that the concentration is plotted
on a log scale and the difference in the observed and
simulated concentrations is of fairly low magnitude
(0.02-0.5 pM).

In order to validate the 5-compartment brain model
integrated into our PBPK model, we scoured literature for
experimental data regarding morphine concentrations in
brain tissue. A study was conducted on a 52-year-old male
patient with a severe brain injury, in which intracerebral
microdialysis was used to measure the morphine concen-
tration in uninjured and injured brain regions [50]. This
patient was administered 10 mg of morphine by IV infu-
sion given over 10 min. Infusion administration was
achieved in simulation via a constant stepwise increase in
administered drug concentration, which was calculated
using the total administered concentration and number of
simulation time steps occurring over the infusion time
period. This study did not specify the weight of the patient,
and as such, the average weight of Caucasian adult males
20 years of age and older was used. The average weight
found in literature was around 90 kg [51]. Predicted
unbound brain tissue, ISF and plasma concentrations were
plotted with respect to time and compared with unbound
brain tissue morphine concentration data from microdial-
ysis samples [50] (Fig. 6). Plasma concentration during the
infusion and distribution phases match well with experi-
mental data, similar to the previous simulation (Fig. 5).
Additionally, brain tissue and brain ISF concentrations
match well with experimental data. Brain tissue concen-
tration is approximately twice that of brain ISF, similar to
reported experimental data [29].

(A)

1
<
g 0.1
o
E
=
Ay
2 0.01
=
£ e Clinical Data
b= —Model Simulation: Unbound Plasma Conc.

0.001 . . .
0 50 100 150 200
Time (min)

A second set of clinical data for brain morphine con-
centration was used for brain model validation [52]. Sim-
ilar to the previous data set, unbound brain and plasma
morphine concentration data following 10 mg IV infusion
over 10 min were presented. In Fig. 7a, b, the reported
clinical data are presented for two different patients with no
data for their weights. A weight of 90 kg was again
assumed for simulation. Model prediction for plasma
concentration falls in between the two data sets. Model
prediction for brain tissue and brain ISF also match well
with experimental data. Overall, for both routes of
administration (IV bolus and IV infusion), the morphine
PBPK and advanced brain models predict PK profiles
reasonably well.

Validation Naloxone PBPK model results
on human clinical data

A similar PBPK model for human was developed for
naloxone using the same framework as for the morphine
PBPK model. The physicochemical and ADME properties
of naloxone were incorporated into this framework to
construct a naloxone-specific PBPK model. Similar to the
morphine PBPK model, this model has the ability to sim-
ulate IV bolus and IV infusion administration.

Validation of the naloxone model was performed using
clinical data from literature [53], from a study involving 12
healthy subjects with 6 males (mean weight of 77.7 kg) and
6 females (mean weight of 59.0 kg). In this simulation, the
human weight is considered to be 68.5 kg (average of 12
subjects). Simulated and observed plasma concentration—
time profiles of naloxone are compared in Fig. 8§ for IV
bolus administration of 0.8 mg of naloxone. The simulated
general trend for the naloxone plasma PK profile matches

(B)

1
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Fig. 6 Unbound morphine concentration in a blood and b brain tissue and brain blood compartments (observed vs. simulated) after intravenous
infusion of 10 mg morphine over 10 min. The clinical data was reported by [50], presented as individual data
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Fig. 7 Unbound morphine concentration in a arterial plasma and b brain tissue compartments (observed vs. simulated) after intravenous infusion
of 10 mg morphine over 10 min. The observed clinical data was reported by [52], presented as two individual data sets (red and green)
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Fig. 8 Serum plasma naloxone concentration (observed) versus
simulated total plasma concentration after IV bolus administration
of 0.8 and 0.4 mg naloxone. The observed data for the 0.8 mg dose is
from [53], presented as the mean =+ standard error of the mean
(SEM). The observed data for the 0.4 mg dose was reported by [54],
presented as the mean + SD

well with that from reported data and predicted concen-
trations are comparable with clinical data.

Additional naloxone model validation was performed
using clinical data from literature [54]. Figure 8 shows the
comparison of simulated plasma profiles to clinical data
following IV bolus injection of 0.4 mg naloxone. The
reported clinical data was collected in 8 healthy volunteers.
No information was provided regarding the weight of the
volunteers, and as such, a 70 kg weight was assumed for
simulation. The simulated results are slightly higher than
clinical data during the absorption phase of the PK profile
while the distribution phase matches well with clinical
data. Clinical data demonstrated a rise in naloxone plasma
concentration following IV bolus administration which was
not observed in the other naloxone data set. Increase in
concentration is also extremely uncommon in cases of IV
bolus injection. This may explain the slight differences

between model predictions and clinical data seen in the first
20 min of the PK profile.

Both the morphine and naloxone PBPK predictive
simulation results are comparable to the clinical observa-
tions in all 6 comparison/validation cases.

Morphine-Naloxone PK/PD model of respiratory
depression response

The PD models were each in turn incorporated into the
combined PBPK model of morphine and naloxone. The
model results were compared with two clinical cases and
two simulation studies for validation of the combined
PBPK-PD model.

Clinical studies for both cases were performed by [43].
Two groups of 8 healthy volunteers participated in the
study. In simulation of both cases, the human weight was
assumed to be 69 kg, the mean weight of the healthy vol-
unteers who participated in the study.

Study |

In this study, 8 healthy volunteers intravenously received
morphine (0.15 mg/kg) at time t = 0, followed by a pla-
cebo at 30 min. An IV bolus administration of the indicated
morphine dose at time t = 0 was simulated for comparison.
Nothing was administered to represent the placebo in
simulation. Comparison of the clinical and model results is
shown Fig. 9a.

Study I
In the second study, another group of 8 healthy volunteers

were intravenously dosed with 0.15 mg/kg of morphine at
t = 0 min, followed by a 0.2 mg dose of naloxone at time
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Fig. 9 Pharmacodynamic response in terms of respiratory depression
(ventilation) relative to the baseline for a morphine administration
followed by placebo administration and b morphine administration

t = 30 min. An IV bolus administration of the indicated
morphine dose at time t = 0 was simulated for comparison.
At time t = 30 min an IV bolus dose of 0.2 mg naloxone
was administered in the simulation. Comparison of simu-
lated and clinical data are shown in Fig. 9b.

Two approaches were taken to simulate the opioid
receptor binding kinetics associated with the PD model.

Model |

Simulation was performed using the simplified algebraic
Egs. (20 and 21) to characterize morphine and naloxone
receptor binding. This approach is similar to the model
simulation approach discussed by [43].

Model Il

Simulation was performed using the ODEs (18 and 19) to
characterize morphine and naloxone receptor binding.
These ODEs were solved simultaneously. Equations 18
and 19 require value input for k,,, y and kg and k,,, 5, and
kogm- These values for were taken from literature [40] and
also used to calculate kp\; values used in Model L

The model predicts the PK-PD profile of respiratory
depression relative to baseline, where pre-drug ventilation
is represented by baseline = 1.

We also checked the model to ensure that the adminis-
tration of naloxone alone did not alter respiratory depres-
sion. Figure 10 demonstrates the model’s lack of PD
response to binding of naloxone to opioid receptors in the
absence of morphine.
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Fig. 10 Naloxone administration alone does not impact respiratory
depression

Discussion

Morphine exerts its analgesic effects for the relief of severe
pain through activation of opioid receptors (ORs), a large
superfamily of G protein-coupled receptors (GPCRs).
Activation of ORs by morphine results in both pharmaco-
logical effects (analgesia) as well as undesired side effects
including constipation, nausea, vomiting, urinary retention,
pruritus, muscular rigidity, miosis, respiratory depression
[43] and, after prolonged use, withdrawal, tolerance and
addiction. Clinical pharmacodynamic effects of morphine
can be monitored using physiological responses such as
cortical electroencephalographic (EEG) measurements,
miosis (decrease of ocular pupil diameter) and respiratory
depression. PK simulations provide concentration profiles
in brain tissues as input for the PD model of opioid binding
to neuronal receptors and the resultant physiological
response profiles. The goal of this paper was to develop a
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first principles-based PBPK model and integrated mini-
malistic PD model to characterize the disposition and
competitive interaction of morphine and naloxone with
neural ORs and a simple model of respiratory depression.
These models were used to evaluate the protective effects
of naloxone administered after morphine intoxication. The
uniqueness of the presented model is in the integration of
whole-body PBPK with anatomically resolved CNS com-
partments, drug ligand binding kinetics to ORs and the
resultant respiratory responses.

Mathematical modeling of drug PK and PD is a cost and
time effective way to evaluate the effects of changing drug
related parameters (dose, route of administration, etc.).
Mechanistic modeling can provide insight into important
factors impacting PK and PD variability. Development of
these models with appropriate resolution of drug target
tissues is critical. In the case of opioid PK and PD mod-
eling, a high-resolution PBPK model of the brain is nec-
essary, due to its complex anatomical and physiological
structures and mechanisms. Various factors such as local
metabolism, transport through the blood-brain and blood-
CSF-barriers, passive permeability, CSF circulation, etc.
play a significant role in the distribution of these drugs in
brain. On the other hand, excessive sub-compartmental-
ization of the brain often requires extensive calibration of
parameters, especially for human model. The 4-compart-
ment brain model provides an excellent balance in com-
plexity and measurable parameters. The use of brain
microdialysis and novel imaging technology provide
improved insight into regional brain concentrations.
However, these are highly sensitive to the techniques used
for concentration measurement.

The PBPK models for morphine and naloxone were
validated for IV bolus and IV infusion administration by
comparison of the simulated concentration—time profiles
with clinical data in healthy volunteers. In general, the
model predictions for morphine and naloxone PK were in
good agreement with the published data (Figs. 1, 2, 3, 4, 5,
6). Biphasic and rapid distribution of both morphine and
naloxone concentrations in plasma were observed and
found to be in agreement with the presented clinical data.
This is in agreement with reports of rapid analgesia onset
associated with IV morphine administration [55]. Greater
differences between simulation and clinical data for mor-
phine were observed for IV infusion administration, par-
ticularly during the absorption and distribution phases. In
these cases, the drip-rate accuracy can be significantly
impacted when subjects change positions, and could cause
initial differences [56]. Moreover, marked inaccuracies in
IV fluid infusion rates are common [57].

Brain tissue or fluid sampling is not performed in
healthy volunteers, due to the invasive nature of sampling
techniques. Despite the collection of samples from what is

deemed a “healthy” part of a patient’s injured brain, the
transport and metabolism of drugs in the brain can still be
impacted. These differences could explain the small dif-
ferences observed between clinical data and our model
predicted PK profiles of morphine in the brain. The
importance of sampling location can also be observed
through the implementation of our model. Comparison of
the clinical data [50] to model predicted brain blood con-
centration (not shown) demonstrated a poor fit. However,
comparison of the clinical data with the morphine brain
tissue and ISF concentrations demonstrates a much better
fit that matches the clinical profile trend very well.
Clinical pharmacokinetic parameters (t;;, Cpax and
AUC) were also compared with those determined from
simulation (Table 6). The values of these parameters
depend on the dose amount and duration and as such were
compared individually for each administration scenario.
The maximum peak concentration (C.) was slightly
overpredicted in all comparisons. One of the plausible
reasons for overprediction could be lack of a continuous
sampling data set in clinical studies. These C.x values
may have matched even more closely if clinical samples
were taken at the time at which C,,,, occurred in simula-
tion. The C,.x for [54] was much higher in simulation as
compared to the clinical study. But, the clinical data looks
like an IV infusion curve where the concentration starts
dropping down after 1-2 min, whereas the study mentions
IV bolus administration of naloxone. So, the drastic dif-
ference between C,,,, can also be attributed to some dis-
crepancies in the clinical methods as well. The terminal
elimination phase half-lives generally matched very well
with the observed clinical data, further validating the PK
formulation of the model. AUC were calculated using

Table 6 Comparison of pharmacokinetic parameters (t;;, Cpax and
AUC) for morphine and naloxone in blood from clinical data and
corresponding model prediction

ti (h)

Source Cax (HM) AUC (uM/h)

Morphine pharmacokinetic parameters

[48] 2.8 2.10 *0.1822-0.3371
Model 2.01 4.12 *0.3185
[49] 1.604 (4 0.068) 0.92-1.08 Data not reported
Model 1.24 1.40 0.3375
Naloxone pharmacokinetic parameters
[53] 2.52 (0.785-5.22) 0.248 Data not reported
Model 1.61 0.648 0.0258
[54] 1.25 (£ 0.216) 0.0422 0.0031-0.0095
Model 1.34 0.237 0.00837

*This AUC is calculated from time = 0 to infinity. All AUCs are
calculated up to the last data point
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trapezoidal rule and were well within the range given by
the clinical studies.

The PD model of opioid-OR interaction was partially
validated on available clinical data of human respiratory
depression after morphine IV delivery and recovery fol-
lowing naloxone IV administration. Figure 9a shows the
experimentally measured [43] and model predicted respi-
ratory depression (ventilation) relative to the physiological
baseline. Considering that model II was a simple algebraic
correlation, assuming instantaneous response to OR-bound
morphine, the model agrees well with the measured profiles
of rapid depression and slow recovery. Moreover, a rapid
response or onset of action is reported for IV administra-
tion of morphine [55]. Additionally, peak onset of action is
reported around 20 min post IV administration [55] and is
in good agreement with predicted peak respiratory
depression levels. Figure 9b presents simulation results for
naloxone reversal of morphine-induced respiratory
depression and compares clinical data to model predicted
respiratory depression. For the first 30 min, after morphine
delivery, the predicted respiratory depression profile is the
same as in the previous case. However, the experimental
data for the first 30 min period show large differences,
despite the same protocol of morphine delivery (0.15 mg/
kg IV bolus morphine administration at t = 0). Unfortu-
nately, the plasma PK for morphine was not available, and
therefore it is difficult to attribute the differences to a
specific cause. Good agreement between the predicted and
experimental respiratory depression response using
model II was observed. Note the characteristic bi-phasic
response—first fast recovery (for the period of approxi-
mately 10 min after naloxone infusion) followed by slow
recovery up to 120 min. This is in agreement with nalox-
one’s reported onset of action of 1-2 min [39]. Comparing
the results of PD Model I (equilibrium bound naloxone
assumption, similar to [43]) and Model II (dynamic model
of naloxone binding kinetics) it can be seen that the
dynamic model provides better agreement with clinical
data.

The model presented in this study has several limitations
which could be improved. First and foremost is the need for
experimental measures and/or efforts to validate active and
passive transport contributions of morphine and naloxone
at the BBB and CSF-blood barrier. The current model, uses
IV naloxone administration only, but should be extended to
account for intramuscular (IM) injection and nasal spray
delivery for the reversal of opioid effects in cases of
overdose. Such advancements will require the development
and validation of a naloxone absorption depot model (IM)
and a nasal/olfactory epithelial barrier model. A population
PBPK model including pediatric subjects, possible gender-
dependent effects and statistical analysis of model param-
eter sensitivity should be pursued. The simple model of
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respiratory physiology could be extended to simulate
noninvasive biomarker kinetics in plasma (e.g. pulse
oximetry) and breath (breathing pattern and exhaled gases).
The model could also be further extended to study different
combinations of opioid receptor agonists and antagonists.
Multidisciplinary efforts of model-based development of
an ‘ideal’ reversal agent that is not influenced by the opi-
oid’s receptor kinetics, does not interfere with analgesia
and has a rapid onset and prolonged protective effect
should be pursued.

Conclusions

The present quasi-equilibrium PD model, relating the res-
piratory response to the brain bound morphine concentra-
tion, can be further improved by involving mechanistic
models of opioids receptor signaling pathways, biomarkers
kinetics and models of neurocognitive and physiological
responses. Opioids mediate analgesia as well as adverse
effects in both inflamed tissue and in the central nervous
system via G-protein coupled opioid receptors (GPCRs),
for which advanced signaling pathways and ligand binding
kinetics have been established [58-60]. Such models could
be used for the development of GPCR biased ligands that
activate desired G-protein coupled analgesia without B-
arrestin recruitment. The present simple respiratory
response model could be replaced by more advanced res-
piration control models [61, 62]. While respiratory
depression is the defining endpoint of opioid toxicity [63],
mathematical models of accompanying endpoints, such as
pupillometry, EEG measurements could be also included.
However, one must be careful when considering miosis as
a measurable endpoint for opioid toxicity coupled with
naloxone recovery, as naloxone has also been shown to
induce miosis in healthy and opiate addict populations [64].
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