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17.1 SUMMARY

Pharmacodynamics (PD) is the study of physiological effects of drugs on the body and
their mechanisms of actions. It provides the basis for rational therapeutic use of drugs
and the design of new and superior therapeutic agents [1]. PD comes from the Greek
word for “drug,” “pharmakon,” and dynamics means ‘“‘variation in intensity.” On the
other hand, pharmacokinetics (PK) deals with how the body handles the drug after it
is absorbed and involves disposition, that is, distribution, metabolism, and excretion
processes. For example, an orally administered anticonvulsant drug has to enter the
brain after crossing intestinal, hepatic, and blood—brain barriers. The drug has to reach
its site of action (brain) in sufficient concentrations and duration to interact with a
specific target (i.e., receptor) to produce the desired effect. The drug concentration
measured in plasma is more reflective of drug concentration at the site of action than
dose, because the dose—response relationship is confounded by PK variables, including
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2 PHARMACODYNAMICS

bioavailability, nature of dose—concentration relationships, and formation of active
metabolites.

The effect of the drug can be measured as a clinical end point or using a biomarker.
The effect of the drug on clinical end point may require studies of extended duration to
manifest, for example, increase in survival time, prevention of stroke, and prevention of
bone fracture. In these situations, biomarkers may help track the progress of therapy.
For example, in the case of an antihypertensive drug trial, blindness, renal failure,
and premature mortality can serve as clinical end points and can be measured after
prolonged treatment. A simpler biomarker would be blood pressure changes, which are
reduced by treatment with an antihypertensive drug. Adiponectin, blood glucose, or
binding of a positron emission tomography (PET) ligand to a specific receptor could
also serve as biomarkers to evaluate target modulation by a drug candidate. Other PD
measures such as QT interval, liver function tests, and white blood cell count can serve
as safety biomarkers.

Quantitation of dose—effect relationship was started in 1910 by Hill [2] when he
described the association of hemoglobin and oxygen using a relationship that is more
widely known as the Hill equation. The Ep.x model used commonly in all PD models
was derived from the Hill equation [3]. This concept was first applied by Clark [4] to
evaluate the dose—effect relationship of drugs. The hyperbolic nature of the function
describes lack of a dose proportional effect after a given dose. Quantitative analysis of
the dose—effect relationship has evolved over the years. A significant advancement in
PD modeling was to link the PK and PD models to have a better understanding of the
time course of PD effect [5]. Another advancement in PD modeling was a method to
account for temporal delay observed in pharmacological response when compared to
plasma concentrations [6]. Over the years, many types of mechanistic PD models have
led to better understanding of different biomarkers and the importance of measuring
the right biomarker to predict the clinical response and aid in the design of better
clinical trials.

In this chapter, we describe the basic tenets of pharmacodynamics (drug—receptor
interactions and agonists vs antagonists), the relative importance of biomarkers, and
provide a summary of basic PD models reported in the literature.

17.2 MECHANISMS OF DRUG ACTION

Pharmacological response is initiated by the interaction between a drug and a binding
site on a macromolecule in a tissue. This macromolecule is known as the drug receptor.
The drug—receptor interaction results in a cascade of different steps within the cell,
which ultimately leads to a physiological response:

k

Drug 4 receptor ‘k— drug — receptor complex — transduction pathway — response
—1

Receptor is a cellular macromolecule or an assembly of macromolecules, which is
concerned directly and specifically with chemical signaling between and within cells
[7]. Most receptors are proteins (>90%), except some targets such as DNA. These
receptors act as a recognition site and messenger to transfer information from the
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outside of the cell to the cytosol. The regulatory effects of a receptor may be exerted
directly on its cellular targets, effector proteins, or may be conveyed by intermediary
cellular signaling molecules called transducers. The receptor, its cellular target, and any
intermediary molecules are referred to as mediators of the signal-transduction pathway.
Frequently, the proximal effector protein is not the ultimate target but rather is an
enzyme or transport protein that creates, moves, or degrades a small metabolite (e.g., a
cyclic nucleotide) or ion (e.g., Ca’*) known as second messenger, which will convey
information to a variety of targets. The detailed understanding of the signal-transduction
pathways helps us design better molecules that interact with different cellular targets to
modify physiological and/or pathological processes. It is very challenging to establish
that a certain molecular interaction is indeed the one triggering the particular effect.
In this respect, genetically modified models such as receptor knock-out animals are
proving increasingly useful. For example, a lack of effect of a drug in mice lacking a
particular target can provide strong support that the effects of the drug are mediated
by that particular target [8].

The cellular proteins are either human genome-derived proteins or belong to
pathogenic organisms. In 2002, after sequencing of the human genome, approximately
8000 targets of pharmaceutical interest were estimated. Only a small fraction of
those targets is modulated by approved drugs. In 2006, Imming ef al. catalogued
218 molecular targets for approved drug substances under different target families:
enzymes, G-protein-coupled receptors (GPCRs), nuclear hormone receptors, cytokine
receptors, ion channels, transport proteins, and so on. Altogether, it suggests that a
very large number of putative drug targets remain to be explored [9,10].

During the process of drug discovery, the discovery teams design potential drug can-
didates that will have a desired pharmacological effect on the human body. If we look
at processes at the molecular level in the human body, we would see multiple simul-
taneous chemical reactions taking place, keeping the systems healthy and functional.
The administered agent on reaching its target site will interfere with these chemical
reactions to produce a specific effect. The interaction of a drug with a macromolec-
ular target involves a process known as binding. There are usually specific areas in
the macromolecule where interactions take place, and they are known as the binding
sites. The interaction of the drug with its target is mediated through electrostatic or
ionic bonds, hydrogen bonds, van der Waals interaction, dipole—dipole interactions,
and hydrophobic interactions. None of these bonds is as strong as the covalent bond
that makes the structure of the molecule, and so they can form and get dissociated.
This means that equilibrium is reached between the bound and unbound drugs and its
target. Drugs having a large number of interactions are likely to remain bound longer
than those that have only a few. Few drugs form irreversible covalent bonds with their
receptor. For example, aspirin binds covalently to cyclooxygenase enzyme and prevents
formation of thromboxane. The effect will continue until new cyclooxygenase enzyme
is synthesized. Other examples include proton pump inhibitors (e.g., omeprazole) that
bind irreversibly to H™ K™-ATPase pumps and block gastric acid secretion.

When the drug molecule combines with the receptor, there might be a delay in
the response depending on the nature of the signal-transduction pathway. Thus, for ion
channel opening, the delay is only milliseconds, while for DNA transcription, the delay
may be in hours to days. This information is very useful while building the relationship
between the concentration and effect for a drug. Cells in different tissues may have
multiple receptors, each of which is specific for a particular ligand. For example, on the



4 PHARMACODYNAMICS

myocardial cell, there are p-receptors, muscarinic receptors, and multiple ion channels.
Functional groups present in the drug are important in forming intermolecular bonds
with the target. However, the carbon skeleton of the drug also plays an important role
in binding the drug to its target. Small changes in chemical structure can produce
profound changes in potency. For example, codeine, which differs in structure from
morphine only by methoxy group instead of a hydroxyl group, is ~1000 times less
potent than morphine in its action on opioid pathway (Fig. 17.1).

Each drug may interact with multiple receptor subtypes to different extent. Few
drugs may be absolutely specific for one receptor or subtype, but most drug candidates
will have relative selectivity. Selectivity is the degree to which a drug acts on a given
site relative to other sites. At higher concentrations, the same drug may interact with
other targets (receptor subtypes or different targets) leading to undesirable effects.

Some of the major drug targets and signal-transduction mechanisms are briefly
discussed below.

17.2.1 Ion Channels

Ion channels are membrane proteins, found virtually in all cells that are of crucial
physiological importance. They are involved in electrical signaling in the heart and
the nervous system, fluid secretions in the lung, gastrointestinal tract, kidney, and a
variety of other key processes such as hormone secretions, the immune response, bone
remodeling, and tumor cell proliferation [11,12]. Cellular functions in these organs
require the passage of ions across the cell membrane. Because of this, drugs targeting
ion channels can produce physiological changes in major body functions.

In excitable cells (nerve cells and various types of muscle cells), the orientation
of the membrane potential is such that the cell interior is electrically negative against
the outside at resting state. The orientation of the membrane potential is reversed for
a brief period of time during excitation. This transient reversal is called the action
potential . Its duration may vary from around 1 ms to several 100 ms depending on the
cell type. This action potential rapidly spreads over the entire cell membrane, altering
the functional state of the cell. Moreover, excitation of one cell often triggers excitation
of neighboring cells by means of electrical or chemical coupling.

Ion channels are generally highly selective for the ions they conduct. More than
300 genes code for subunits of ion channels. Most ion channels can switch between
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Figure 17.1 Structure of (a) codeine and (b) morphine. Structure determines interaction with
the receptor.
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open, closed, and inactivated states. Ion channels are classified by the principal ion
they carry (sodium, Na*t; potassium, K*; calcium, Ca>*; and chloride, C17) and the
mechanism by which they are opened and closed. Ion channels can be categorized as
follows:

1. Ligand-Gated Channels. These channels either open or close in response to lig-
and binding. For example, nicotinic acetylcholine receptors allow Na' ions into
the cell in response to acetylcholine.

2. Voltage-Gated Channels. The conductance of these channels is regulated by
changes in voltage across the plasma membrane. Local anesthetics block the
conductance of Na™ ions through voltage-gated sodium channels in neurons that
transmit pain information from the periphery to the central nervous system and
hence the pain perception.

Ion channels are multisubunit proteins, with each subunit predicted to span the
plasma membrane multiple times. Symmetrical association of the subunits allows each
to form a segment of the channel pore and to cooperatively control channel opening
and closing. The ligand-binding domain can be extracellular, within the channel, or
intracellular. Agonists may bind to a particular subunit that may be represented more
than once in the assembled multimer (e.g., nicotinic acetylcholine receptor) or may
be conferred to a single subunit of the assembled channel [e.g., sulfonylurea recep-
tor that associates with the K™ channels to regulate the ATP-dependent K™ channels
(Karp)]. Sulfonylureas bind to the SUR1 subunits and block the ATP-sensitive potas-
sium channels. Role of Karp in insulin release is shown in Fig. 17.2. Increase in blood
glucose after a meal raises intracellular ATP concentration in the pancreatic p-cell and
results in closure of Karp channels. It results in inhibition of potassium efflux and
depolarization of the plasma membrane, thereby leading to increase in influx of cal-
cium through voltage-sensitive calcium channels. Rise in [Ca?T]; triggers exocytosis
of insulin granules, thereby stimulating insulin secretion [13]. Openers of the same
channel (Karp) may lead to membrane hyperpolarization, resulting in vascular smooth
muscle relaxation (e.g., minoxidil).
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Figure 17.2 ATP-sensitive K™ (Karp) channel as a major regulator of insulin secretion. Source:
Adapted from Ref. 13.
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17.2.2 G-Protein-Coupled Receptors

GPCRs are the target for more than 50% of the drugs currently in the market [14].
These proteins are expressed at the extracellular surface of the cell membrane, traverse
the membrane, and possess intracellular regions that activate G-proteins. G-proteins are
called so due to their interaction with the guanine nucleotides, guanosine triphosphate
(GTP), and GDP. GPCRs bind to a wide variety of molecules, including biogenic
amines, peptides, glycoproteins, lipids, nucleotides, ions, and proteases. They are
involved in diverse biological functions, including the senses of smell, taste, and sight,
and regulation of appetite, digestion, blood pressure, reproduction, inflammation, and
so on [15,16]. GPCRs can be found in the central nervous system and in the periphery.
Their role in different tissues may be different, although the second messengers that
result from the initial activation are probably similar (e.g., muscarinic acetylcholine
receptors, o- and B-adrenoceptors, serotonin receptors, and histaminergic receptors).

All GPCRs have seven transmembrane regions within a single polypeptide chain.
In the resting state, G-proteins exist as attached afy trimer, with GDP occupying
the site of the a-subunit. When the GPCR 1is occupied by an agonist molecule in
the extracellular domain, a conformational change occurs and the G-protein binds to
cytoplasmic domain of the receptor. Association of the afy trimer with the receptor
causes the bound GDP to dissociate and to be replaced with GTP, which in turn causes
dissociation of «-GTP unit from the By subunit. The a-GTP is the active from of the
G-protein, which diffuses in the membrane and can interact with a number of different
effectors. These effectors include adenylyl cyclase, phospholipase C, ion channels,
and other classes of proteins. Signals mediated by G-proteins are terminated by the
hydrolysis of GTP to GDP through the GTPase activity of the a-subunit. Different
Ga-protein isoforms have now been identified, each of which have unique effects on
their targets. A few of these G-proteins include G-stimulatory (Gs), G-inhibitory (Gi),
Gq, GO, and G12/13. The major role of the G-protein is to activate the production
of second messengers through different pathways. The key G-protein-coupled effector
systems are briefly discussed below.

17.2.2.1 The Adenylate Cyclase/cAMP System. The cyclic 3',5-adenosine
monophosphate (cAMP) is the nucleotide synthesized within the cell from ATP
by the action of adenylate cyclase. It is produced continually and inactivated by
hydrolysis to 5'-AMP by the action of phosphodiesterases. The cAMP in turn activates
various protein kinases. These enzymes catalyze the phosphorylation of serine and
threonine residues in different cellular proteins and thereby regulate cell function. The
regulatory effects of cAMP on cellular function are diverse (e.g., energy metabolism,
cell division, cell differentiation, ion transport, changes in neuronal excitability, and
contraction of smooth muscles).

17.2.2.2 Phospholipase C/Inositol Phosphate System. Activation of phospho-
lipase C, a membrane bound enzyme, hydrolyzes a membrane phospholipid,
phosphatidylinositol-4,5-bisphosphate (PIP;) to generate inositol-1,4,5-trisphosphate
(IP3) and diacylglycerol (DAG). IP3 binds to receptors on Ca>* channels in the endo-
plasmic reticulum, triggering the release of calcium. Calcium can bind to calmodulin
and the resulting Ca’>* —calmodulin complex can further bind to intracellular enzymes
such as Ca’*-calmodulin-dependent protein kinases. Increase in intracellular Ca’*
is the major effector mechanism by which various neurotransmitters, hormones,
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and drugs promote contraction of the smooth muscle. The other product, DAG, is
hydrophobic, which remains associated with the membrane, activates protein kinase
C, and controls phosphorylation of serine and threonine residues of a variety of
intracellular proteins. Protein phosphorylation is the key mechanism through which
many physiological mediators and drugs produce their effects. For example, release of
hormones from many endocrine glands, increase or decrease in the neurotransmitter
release and in neuronal excitability, and contraction or relaxation of smooth muscle.
The role of GPCRs in regulating enzymes and ion channels is shown in Fig. 17.3.
The receptor-linked G-proteins can also activate phospholipase A2, which releases
arachidonic acid and thus initiates synthesis of prostaglandins and related eicosanoid
mediators. The receptor-linked G-proteins are involved in direct regulation of the ion
channels. For example, muscarinic acetylcholine receptors are known to enhance K+
permeability, thus hyperpolarizing the cells and inhibiting electrical activity.

17.2.3 Tyrosine Kinase and Guanylate-Cyclase-Linked Receptors

There are two classes of tyrosine kinases. Receptor tyrosine kinases (RTKs) are type
I transmembrane proteins possessing an N-terminal extracellular domain, which can
bind to an activating ligand, a single transmembrane domain, and a C-terminal cyto-
plasmic domain that includes the catalytic domain. Nonreceptor tyrosine kinases lack
a transmembrane domain; most are soluble intracellular proteins and activated in a
similar manner as RTKs.

The RTKs catalyze the transfer of phosphate from ATP to hydroxyl groups of
tyrosine on target proteins. RTKs play an important role in the control of most
fundamental cellular processes, including cell proliferation, cell cycle progression,
metabolic homeostasis, transcriptional activation, neural transmission, and aging.
They mediate signaling by insulin and a variety of growth factors such as epidermal
growth factor (EGF), platelet-derived growth factor (PGF), and nerve growth factor.
When activated, these receptors dimerize followed by autophosphorylation of tyrosine
residues in the cytoplasmic domain. The phosphorylated tyrosine residues serve as
the binding site for the SH2 domains of a variety of intracellular proteins, thereby

Ligand with
receptor lon channels
Extracellular NN —
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Intracellular |(ac/pLc/PLA) G 0:79 G >
\L Proteins proteins
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Second messengers opening or
(cCAMP/ IP3/DAG) closing

Affects kinases/ Hyperpolarization or
[Ca2*]/channels depolarization

\ Cellular effect /

Figure 17.3 G-protein-coupled receptors and main signaling pathways. AC, adenylate cyclase;
PLC, phospholipase C; PLA2, phospholipase A2; I, inositol triphosphate; DAG, diacylglycerol.
Source: Adapted from Ref. 17.
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allowing control of many cell functions. Important signaling pathways activated
by RTKs include Ras/extracellular signal-regulated kinase mitogen-activated protein
(ERK MAP) kinase cascade and PI-3 kinase pathway [18,19]. Examples of tyrosine
kinase inhibitors approved recently are imatinib and dasatinib in chronic myeloid
leukemia, gefitinib in lung cancer, and lapatinib in breast cancer.

Guanylate cyclase, a membrane bound enzyme, is similar in its regulation to the
tyrosine kinase family. Receptors linked to guanylate cyclase, once activated lead to
the production of 3’,5'-cyclic guanosine monophosphate (cGMP) from GTP. Natriuretic
peptide, a hormone secreted from the ventricles in response to volume overload, acts
via receptor guanylate cyclase.

17.2.4 Intracellular and Nuclear Receptors

Nuclear receptors that mediate the actions of classical hormones can be divided into two
groups. Type I nuclear receptors include the steroid hormone receptors (e.g., androgen
receptor, estrogen receptor (ER), glucocorticoid receptor, mineralocorticoid receptor,
and progesterone receptor). When the receptor is not bound to a ligand, type I nuclear
receptors are located in the cytoplasm associated with molecular chaperons (heat shock
proteins) that maintain the receptors in a conformation that allows for ligand binding
but not DNA binding. On hormone binding, type I nuclear receptors undergo a confor-
mational change that results in the release of components of the chaperone complex,
exposure of a nuclear localization sequence, and translocation to the nucleus where
they associate with chromatin and regulate gene transcription [20].

The type II nuclear receptors include thyroid hormone receptor, vitamin D recep-
tor, and retinoic acid receptor (RAR) and retinoid X receptor. In contrast to the type
I nuclear receptors, the type II nuclear receptors reside in the nucleus, constitutively
bound to DNA, and usually act as transcriptional repressors in the absence of hormone.
Another class of nuclear receptors is called orphan receptors, for which regulatory lig-
ands are still unknown (e.g., hepatocyte nuclear factor 4, HNF4a) [20]. Because of the
essential role played by nuclear receptors in many aspects of mammalian development,
metabolism, and physiology, dysfunction of signaling controlled by these receptors
is associated with reproductive, proliferative, and metabolic diseases. For example,
tamoxifen used in the treatment of breast cancer acts via ERa, retinoic acid used in
acute promyelocytic leukemia acts via RARa receptors, and thiazolidinediones targeted
in type II diabetes act via peroxisome proliferator-activated (PPARY) receptors [21].

17.2.5 Desensitization or Tachyphylaxis

Desensitization or tachyphylaxis refers to a spontaneous decline in the response to
a continuous or repeated application of agonist [7] and may be elucidated to prevent
potential damage to the cell (e.g., high concentrations of calcium may initiate cell
death). When repeated administration of a drug results in diminished response, the
phenomenon is called desensitization or tachyphylaxis. This may develop in the
course of a few minutes. The term tolerance is conventionally used to describe a
more gradual decrease in response to a drug, taking days or weeks to develop. The
desensitization of receptors may be due to change in receptor morphology, exhaustion
of mediators, or loss of receptors (downregulation). Examples include morphine,
ephedrine, and amphetamine.
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17.2.6 Actions of Drugs Not Mediated by Receptors

Some drugs do not interact with macromolecular receptors to produce effect. For
example, antacids such as sodium bicarbonate chemically neutralize gastric acid
and reduce the symptoms of heart burn. Mannitol, an osmotic diuretic, is not
reabsorbed in the renal tubule and increases the osmolarity of the glomerular
filtrate, facilitating excretion of water. Cholestyramine resin, a lipid-lowering drug,
sequesters bile acids in the intestine and decreases the absorption of exogenous
cholesterol.

17.3 DRUG-RECEPTOR INTERACTIONS

17.3.1 Agonists

Ligands that bind to the receptor and alter the receptor state resulting in a biological
response are called agonists. When bound by an agonist, a typical receptor is more
likely to be in its active confirmation. Agonists may act by combining either with the
same site as the endogenous agonist (primary or orthosteric site) or, less commonly,
with a different region of the receptor macromolecule (allosteric or allotopic site). A full
agonist has a strong affinity for its receptor and good efficacy. For example, phenyle-
phrine is an agonist at aj-adrenergic receptors. On binding to aj-adrenoceptors on
the vascular smooth muscle membranes, phenylephrine mobilizes intracellular calcium
causing contraction of actin and myosin filaments, thereby decreasing the diameter of
the blood vessel. Some agonists (e.g., glutamate) may only be effective in the presence
of another ligand (e.g., glycine in the case of glutamate) that binds to a different site on
the receptor. In such cases, glutamate is referred to as the primary agonist and glycine
as a coagonist [7]. A typical relationship between response and agonist concentration
is shown in Fig. 17.4.

As it can be seen in Fig. 17.4, the response increases with increase in agonist
concentration. Up to a certain concentration, the response is directly proportional to
the concentration, but at higher concentrations, the curve becomes asymptotic. This
is the result of a capacity-limited, saturable process. To accommodate a wide range
of concentrations, the relationship between effect and concentration is usually plotted
on a semilog scale, which transforms the plot to a sigmoidal shape. When developing
concentration—effect relationship, one may consider using free (not protein bound) drug
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Figure 17.4 Concentration—effect relationship for an agonist.
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concentrations since according to the free drug hypothesis, the free drug concentration
at the site of action is the species that drives pharmacological activity.

17.3.2 Spare Receptors

Many agonists are able to produce maximal response without fully occupying all the
receptors. Thus, not all the receptors in the tissue are required to achieve maximal
response with some high efficacy agonists. Agonists may elicit the same maximal
response, albeit at different receptor occupancies. This has been demonstrated exper-
imentally by Furchgott (1966) and others that even with irreversible inactivation of
some receptors, an agonist is still able to produce maximal response [7,22]. For
example, at the skeletal neuromuscular junction, activation of <1% of receptors elicits
an action potential and maximal contraction of muscle fibers. Hence, the neurotransmit-
ter acetylcholine produces a maximum response by activating only a small proportion
of receptors in the receptor pool.

17.3.3 Partial Agonists

A partial agonist cannot elicit as large an effect (even when applied at high concen-
trations to occupy all available receptors) as another agonist acting through the same
receptors in the same tissue resulting in lower efficacy compared to full agonists (Fig.
17.5 [7]). Inability to produce a maximal response may be due to inability to convert
the occupied receptors to an active form. For agents acting on opioid receptors, mor-
phine and fentanyl are full agonists of the opioid receptors capable of inducing strong
analgesia, while buprenorphine and pentazocine are partial agonists.

17.3.4 Inverse Agonists

Inverse agonists bind to receptors and reduce the fraction of receptors in active con-
formation [7]. This can occur when receptors exist both in active (R*) and inactive

100 Full agonist
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X
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Figure 17.5 Different types of agonist action on receptors.
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conformation in the absence of agonists:
R(inactive) < R*(active)

An inverse agonist L, combines preferentially with inactive receptors, it will reduce
the fraction in the active state:

LR (inactive) < L + R (inactive) < R*(active)

An inverse agonist may combine either with the same site as a conventional agonist
or with a different site on the receptor macromolecule. Conventional agonists increase
receptor activity, whereas inverse agonists reduce it. For example, antiallergic H; recep-
tor antagonists, cetirizine, loratadine, and epinastine, may act through inverse agonism
(i.e., stabilization of inactive confirmation of the histamine H; receptor) [23]. This
has also been reported for several systems, including benzodiazepine and cannabinoid
(CB) receptors.

17.3.5 Affinity

Affinity can be defined as the extent of binding to receptors at any given drug con-
centration. Drugs that have high affinity require fewer drug molecules to produce a
certain degree of binding. However, affinity is not synonymous with efficacy, that is,
an antagonist may have affinity but no efficacy. Affinity is usually represented as the
reciprocal of the dissociation constant of the ligand—receptor complex (k_;/k;, where
k_1 is the first-order rate constant of dissociation of ligand from the receptor and k;
is the second-order rate constant of association of the ligand to the receptor). Refer to
Section 17.6 for a schematic derivation of a receptor—ligand interaction.

17.3.6 Efficacy and Potency

Efficacy and potency can be determined by graded concentration—effect curves. The
ability to produce a response is termed efficacy (intrinsic activity). Efficacy is a
molecule-related property, and different molecules may have different capabilities to
produce a physiological response. It is dependent on the number of drug—receptor com-
plexes formed and the efficiency of subsequent transduction pathways. A drug with
greater efficacy may be more therapeutically beneficial than one that is more potent
(Fig. 17.6). Potency is an expression of the activity of a drug, in terms of the concen-
tration or amount needed to produce a defined effect (e.g., ECsp). ECso can be defined
as the concentration of an agonist that produces 50% of its maximal possible effect.
Emax 1s the maximal response produced by the drug. The agonist activities of drugs
to induce a response can be categorized by comparing ECsg and E,x. The maximum
response depends on efficacy. If an agonist has high efficacy, it does not necessarily
mean that it will display high potency and vice versa.

17.3.7 Antagonist

A drug that reduces the action of another drug, generally an agonist, is referred to as
antagonist. Antagonism may be competitive or noncompetitive. In competitive antag-
onism, the antagonist competes with the agonist for the binding site on the receptor.



12 PHARMACODYNAMICS

100 —

80

60

Effect (%)

40

20

0 ——F =" ==
Log (concentration)
————— Side effect (eg., motor deficit)
Therapeutic effect (eg., pain relief)
Figure 17.6 Concentration—effect relationship for two agents, A and B. A is more potent
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Figure 17.7 Effect of antagonist on agonist concentration—effect relationship.

For example, the antihypertensive drug prazocin competes with the endogenous ligand,
norepinephrine at oj-adrenergic receptors, thereby reducing blood pressure. Plotting
the effect of the competitive antagonist shifts the agonist dose—response curve to the
right. Noncompetitive antagonists can bind to either the active site or an allosteric site
of the receptor. A characteristic difference between competitive and noncompetitive
antagonists is that competitive antagonists reduce agonist potency, whereas noncom-
petitive antagonists reduce agonist efficacy (Fig. 17.7). For example, cyclothiazide is a
noncompetitive antagonist of mGIluR1 receptor (metabotropic glutamate receptors) by
interacting at an allosteric site of the receptor [24]. In the case of physiological antag-
onism, the antagonist binds to a different receptor altogether. For example, histamine
binds to H; receptors on bronchial smooth muscle, causing contraction and narrowing
of bronchus, while epinephrine acts as an agonist at f,-adrenoceptors on bronchial
smooth muscle, causing relaxation.
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In the following section, we have discussed how drug effects are measured at the
molecular/physiological level. All these receptors, ion channels, and so on are part of
systems such as organs. Efforts are being made recently to understand the progression
of disease and drug effect on these systems. This understanding helps in identifying
suitable entities in the system, which is more representative of the disease and hence
more helpful in understanding the effect of a drug.

17.4 BIOMARKERS

The elucidation of the human genome and advances in proteome sciences have led to
the identification of numerous potential novel pharmacological targets. Recent statis-
tics in the drug discovery and development space, however, indicate that the failure
rate of novel molecular entities (NMEs) is very high, with about 80% attrition occur-
ring in clinical development [25]. The major factor responsible for this attrition is
lack of efficacy and/or unacceptable safety. Most novel mechanisms turn out to be
pharmacologically not viable as tested in proof-of-concept trials. Also, large epidemi-
ological studies that characterize patient populations with respect to disease and its
progression, as well as the role of pharmacologic targets in disease are lagging behind
compared to the pace of new target identification at the molecular level. In order for
drug discovery/development to be more successful, one needs to have the following:

1. increased probability of success of the unprecedented targets selected,
2. optimized validation of new targets,

3. selecting the best molecules, and

4. accelerating their advancement toward proof of concept in patients.

To stop prosecuting mechanisms or molecules that show insufficient early evidence
of biological benefit is equally important, such that resources can be focused on more
promising ones.

In a white paper published by the Food and Drug Administration (FDA) in 2004,
titled “Innovation or Stagnation,” the need for “a new product development toolkit” was
emphasized. In order to improve the translation from laboratory concept to commercial-
ized product, new powerful scientific and technological advances were recommended
comprising in silico or animal models and biomarkers for safety, efficacy, and new
clinical evaluation techniques. Ideally, biomarker research begins during the discov-
ery phase, with strategic application during early clinical development and continued
implementation through late stage development.

The Biomarkers Working Group (representation from the FDA, National Institute
of Health (NIH), academia, and drug industry) arrived at a consensus definition of a
biomarker as “a characteristic that is objectively measured and evaluated as an indicator
of normal biological processes, pathogenic processes, or pharmacologic responses to
a therapeutic intervention” [26]. Biomarkers may be of greatest value in early stages
of the development of a drug to establish proof of concept in both in vitro and in vivo
models.

A clinical end point is defined as a characteristic or variable that reflects how
a patient feels, functions, or survives. Clinical end points reflect desired effects of
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therapeutic intervention and are the most credible response measurements in clinical
studies [26]. “A surrogate end point” is defined as a biomarker that is intended to
substitute for a clinical end point. A surrogate is expected to predict clinical benefit (or
harm or lack of benefit) based on epidemiologic, therapeutic, pathophysiologic, or other
scientific evidence [26]. The actual clinical outcome has been classically measured as
morbidity/mortality parameters or how a patient is functioning and feeling. Relatively
few biomarkers have qualified for the evidentiary status of a surrogate end point. The
availability of predictive biomarkers is a key factor in translational approaches in drug
discovery and development. Their strategic application has utility at several stages, for
example,

o demonstrate proof of target engagement in nonclinical species,
o facilitate design and/or selection of lead compounds,

e predict toxicity in nonclinical species,

e selection of first-in-human (FIH) dose,

e design of early clinical trial,

e enable go-no-go decisions toward expensive late phase trials,
¢ choice of appropriate patient populations,

¢ demonstrate proof of concept in disease in humans,

o estimation of therapeutic index, and

« regulatory approvals based on surrogate clinical end points.

17.4.1 Types of Biomarkers

17.4.1.1 Proximal and Distal Biomarkers. Biomarkers employed during early
clinical development serve to demonstrate target engagement and are termed as
proximal biomarkers. They inform on the concentration—response relationship
between drug PK and modulation of a selected pharmacological response, such as
receptor occupancy, ex vivo inhibition of an inflammatory marker, kinase inhibition,
change in mRNA, and target enzyme activity. Selected examples of proximal
biomarkers used in proof-of-pharmacology assessment of novel entities are listed in
Table 17.1 [27].

Disease-related biomarkers, termed as distal biomarkers, are employed at the
same time or somewhat later in the clinical development to demonstrate effect
of target modulation by the drug on disease pathophysiology. These biomarkers
assess drug’s effect on a disease, are linked to clinical benefits, and thus have
the potential of qualifying as surrogate end points. Examples are blood pressure
reduction, insulin and blood glucose modulation, cholesterol and HDL modula-
tion, and ACR20 score in rheumatoid arthritis. For additional examples, refer to
Table 17.1 [27].

17.4.1.2 Technology-Based Classification of Biomarkers. Depending on the bio-
logical target and therapeutic area, a variety of pathway- or disease-related biomarkers
have been proposed. Roughly, they can be classified as “-omics”-based (genomic,
proteomic, and metabolomic), activity-based, or imaging-based approaches.
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TABLE 17.1 Proximal and Distal Biomarkers in Different Disease Areas
Therapeutic Proximal Distal Examples References
Area Biomarker Biomarker
Diabetes Dipeptidyl peptidase-4 Blood glucose Sitagliptin, 27,35,36
(DPP-4) Glucagon-like ~ HbAlc PPAR
peptide-1 (GLP-1) agonists,
Adiponectin Urinary Dapagliflozin
glucose excretion
Obesity Positron emission Body weight MK-0557 27,37
tomography for targets MK-9470
NYP-5 and CB-1
Cardiovascular: C-reactive protein, HDL, Blood pressure Statins, 38-40
Hypertension ~ LDL, adiponectin, Aspirin,
and Serum thromboxane BAY-10-
Atheroscle- B, levels, Plasma 6734
rosis renin activity
Immunology: ~ Tumor necrosis factor & ACR20 score Infliximab 41
Rheumatoid (TNF-a), Multiple
arthritis cytokines,
MCP-1-induced
chemotaxis in synovial
fluid
Alzheimer’s B-Amyloid peptide in Cognitive score LY450139 42
disease CSF and plasma
Multiple Lymphocyte count Aggregate relapse  Fingolimod 43
sclerosis rate and physical
disability
17.4.1.2.1 “-omics”-Based Biomarkers. Genomics provides a measure of the tran-

scribed genome (transcriptome). Pharmacogenomics has evolved as one of the main
applications of biomarker discovery and has delivered decision-making biomarkers.
Examples are provided in Table 17.2. Translatability has been achieved by profiling
effects of drug treatment on gene expression in cell/tissue culture or in vivo in animals
and clustering certain genes/pathways for further validation in human trials. Standard-
ization of gene expression microarrays or gene chip technologies has had a tremendous
impact in facilitating the use of this approach in biomarker discovery and development.
Genomics is different from genetics in that the latter is an analysis of genome in normal

TABLE 17.2 Examples of Genomic Biomarkers

Drug

Indication

Biomarker

Imatinib mesylate

Boceprevir
Cetuximab
Cetuximab
Maraviroc
Trastuzumab
Irinotecan

Stomach cancer
Hepatitis C virus
Colorectal cancer
Colorectal cancer
HIV

Breast cancer

Colon rectum cancer

C-KIT expression
i128B

EGFR expression
KRAS

CCR5

Her2/neu expression
UGT1AL1 variant
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or disease state, including identification of genetic variants (insertion, deletion, ampli-
fication, single nucleotide polymorphisms, etc.). The correlation of genetic variation in
disease state has the potential to provide mechanisms of drug action and select appropri-
ate patient population. One of the earliest examples was the enrollment of breast cancer
patients positive for HER2 amplification for treatment with trastuzumab [28]. Another
genomic application for patient selection/labeling is that of polymorphic drug metab-
olizing enzymes CYP2D6, CYP2C9, and CYP2C19. Depending on the CYP allele,
patients may be extensive or poor metabolizers of drugs that are primarily metabolized
by these enzymes, potentially leading to a significant variability in drug exposure. The
US FDA Web site provides a table of pharmacogenomic biomarkers in drug labels and
is available at www.fda.gov/drugs/scienceresearch/researchareas/pharmacogenetics.
There is increasing evidence that pharmacogenomics can play an important role in
identifying responders and nonresponders to medications, avoiding adverse events,
and optimizing drug dose. Drug labels containing information on genomic biomarkers
describe the following:

e drug exposure and clinical response variability,
o risk for adverse events,

e genotype-dependent dosing,

e mechanisms of drug action, and

¢ polymorphic target and disposition genes.

Using gene expression arrays (e.g., Affymetrix) as PD biomarkers has certain limita-
tions [29]. In a rat model of rheumatoid arthritis, methylprednisolone was administered
exogenously to normal and diseased rats and cytokine gene expression changes were
monitored. Normal rats were shown to exhibit circadian rhythms in gene expression in
the liver and muscle that peaked at a time different from the disease rats. After a single
dose of methylprednisolone, the gene expression may show a biphasic response and the
change in gene expression may not be predictive of that after chronic administration.

Consistency in gene expression across different laboratories is also a challenging
issue, so is the influence of environmental factors. Owing to the complexity and
variability of gene expression profiles, combination with other biomarkers is often
necessary.

Proteomics may be considered a more direct approach to the discovery of mecha-
nistic/functional biomarkers of drug action. The proteome is more complex than the
genome and transcriptome and reflects protein abundance, posttranslational modifica-
tions, localization in cells, and interaction with other macromolecules. Although this
complexity defines the biological homeostasis, it also makes it difficult to identify
protein biomarkers and establish robust/reproducible assays that quantify drug-related
changes. Defined panels of candidate protein biomarkers can be analyzed via high
throughput technologies, such as protein arrays and multiple-reaction monitoring mass
spectrometry. ELISA-based protein immunoassays are still considered the gold stan-
dard. In Alzheimer’s disease, the levels of disease-related CSF biomarkers such as
amyloid B-peptide 1-42 (Ab42), tau, and phosphorylated tau (p-tau) may increase
diagnostic accuracy. Good correlation is observed in the levels of CSF biomarkers
and amyloid imaging by PET.

Metabolomics encompasses the effect of drug treatment on small-molecule endoge-
nous biochemicals, as a result of activation or inhibition of their biosynthentic and/or
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disposition pathways. Many of these biomarkers form a part of standard clinical
chemistry panels and are applied in the detection of organ-based toxicity. Glucose
and cholesterol are examples of metabolomic biomarkers that have been success-
fully applied in the development and approval of antidiabetic and antiatherosclerotic
therapies, respectively. Together, the genetic, genomic, proteomic, and metabolomic
approaches constitute “molecular profiling.”

17.4.1.2.2 Activity-Based Biomarkers. Pharmacological target-based activity assays
represent the most direct assessment of functional activity of new drugs. Given that
plasma remains the most accessible biological fluid during clinical development, ex vivo
whole-blood or plasma biomarkers are highly desirable. Ex vivo whole-blood CD11b,
tumor necrosis factor o (TNF-a), or suitable interleukin (IL) assays as inflammatory
biomarkers (Table 17.1). Depending on drug distribution, and anticipated site of action,
tissue fluids such as CSF and synovial fluid are sampled or tissue biopsies such as liver
or tumor are accessed for analysis of biomarkers.

17.4.1.2.3 Imaging-Based Biomarkers. Molecular imaging refers to noninvasive
or minimally invasive technologies for visualizing, characterizing, and quantifying
anatomical structures and physiological processes at the cellular and subcellular levels,
with exquisite spatial, temporal, and biochemical resolution in situ and in vivo [30].
PET, single photon emission computed tomography (SPECT), computer tomography
(CT), magnetic resonance imaging (MRI), ultrasound (US), and optical imaging are
used for biomarker measurement. These techniques differ in terms of the mechanisms
used to generate images, imaging probe characteristics, and their resolution and
sensitivity. The most commonly used imaging approach is nuclear imaging that
visualizes radiotracers interacting with protein targets located intracellularly or on
the cell surface. PET uses ''C and '8F, while SPECT uses !2°I as radionuclides.
They are used for tracking the drug itself (small molecule or protein), imaging the
pharmacological target, or monitoring key biochemical and physiological processes.
There are a few examples in which imaging techniques have been used to support
drug registration (oncology, neurology, cardiovascular, and musculoskeletal). There
are other examples in which these techniques have been used to make early go-no-go
decisions, in the CNS and obesity area from Merck laboratories: for example, CB-1
receptor inverse agonist MK-9470 and neuropeptide receptor Y5 (NPYS5) receptor
antagonist MK-0557 [27].

In order to select appropriate biomarkers and incorporate them into the design
of clinical trials, it is important to be aware of the wide variation in the turnover
rates of biomarkers. For example, electrical signals, neurotransmitters, and chemi-
cal signals turn over in seconds; hormones, enzymes, and mRNA in several hours;
cells and tissues in weeks; organs such as bone in 10 years; and human life span in
100 years.

17.4.2 Biomarker in Different Stages of Drug Development

In early research, the selection of biomarkers to support mechanistic studies in
cell-based and animal models should depend on their translation to human samples.
Biomarkers to investigate target engagement and its efficacy on disease status should
be incorporated in early clinical trials, as it helps assess the possibility of success
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in large-scale clinical trials by relating clinical data to preclinical test systems and
by determining whether drug is affecting the molecular target and whether it is
translating into therapeutic benefit. The use of biomarkers in clinical development can
be categorized into four types and show increasing decision-making and regulatory
application:

1. Exploratory. Supported by in vitro and preclinical data but with no consistent
information regarding their link to clinical outcome in humans.

2. Demonstrated (Probable Valid). With sufficient preclinical sensitivity and
specificity and are linked to a clinical outcome but without reproducible
evidence.

3. Characterized. Both preclinical and clinical validation, as listed in “1” and *“2”
above, as well as show reproducibility in more than one prospective clinical
study.

4. Surrogate. Biomarkers that demonstrate utility as a substitute for a clinical end
point. This scheme shows the increasing decision-making and regulatory appli-
cation.

Biomarker qualification represents the progressive transition from exploratory stage
to surrogacy. Biomarkers may also enter qualification stage from general medical prac-
tice. For example, low density lipoprotein (LDL) cholesterol was in general medical
use before its role in drug development. Biomarkers may also be “disqualified” if evi-
dence does not support their intended use. For example, suppression of intermittent
ventricular tachyarrhythmia as a marker of reduction in ventricular arrhythmia and
mortality due to myocardial infarction was disqualified as a biomarker because a con-
trolled cardiac arrhythmia suppression trial demonstrated that mortality was increased
by antiarrhythmic treatment following an infarction.

The process of biomarker qualification gauges the evidentiary status from
exploratory application to prediction of clinical outcome. A consensual framework
is required to define surrogacy due to the current lack of consistent evidentiary
standards, as identified in FDA’s critical path initiative. Lathia e al. [31] have
reviewed the types of evidence supporting or not supporting certain surrogate end
points. A complication in selecting “a” surrogate end point is that most outcomes
are multidimensional, thus crucial information such as safety issues can be missed
by employing a single measure. Thus, based on preclinical information, it is better
to use multiple biomarkers to evaluate efficacy and safety during development of
drug candidates. FDA-NIH consensus conference on biomarkers (1999), FDA Critical
Path Initiative (2004) [32], and European Medical Agency Roadmap (EMEA, 2010)
[33] have advocated different biomarker strategies. The biomarker consortium, a
public—private collaboration was launched in 2006. The role of consortia (among
regulatory, industrial, academic, and government representatives) in biomarker
development and application enables collaborative pooling of (precompetitive)
data and benefits all participants by increasing the availability of validated and
qualified biomarkers. In order to promote qualification and regulatory acceptance of
biomarkers, research data and results are made broadly available to public to help
speed disease-specific research.
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Successful application of PK-PD modeling in drug discovery and development
depends on a thorough understanding of the following:

1. the disposition of the molecular entity being developed, including its Absorp-
tion, Distribution, Metabolism, Excretion (ADME) characteristics in preclinical
species and human;

2. the pharmacology of target modulation, including assessment of potency and effi-
cacy in in vitro binding and functional assays and in vivo concentration—response
relationships in preclinical species and human; and

3. the disease pathophysiology, including a cause—effect relation between the target
and disease and effect of drug on disease or surrogate end points

Therefore, biomarkers play a major role in discovery of target, evaluation of
drug candidates in preclinical models, early- and late-phase clinical development,
and approval from federal agency with the help of PK-PD modeling incorporated in
clinical trial simulations, as exemplified in a recent Pfizer article by Morgan et al. [34].

17.5 MATHEMATICAL MODELS IN PHARMACODYNAMICS

PK-PD modeling has been gaining its importance in both drug discovery and develop-
ment stage in recent years. In one of their reports in 2004, Donald Stanski, the scientific
advisor to the Center for Drug Evaluation and Research, FDA, stated that “the latest
buzzwords at the FDA are model-based drug development” [44]. The primary objec-
tive of PK-PD modeling is to characterize drug-specific parameters such as E,,x and
ECsp, as defined in Section 17.2, as well as system-specific factors such as production
(kin) and dissipation (ko) rates of PD responses, kep, tau (T), as has been defined in
this section. The effect of a drug that depends on its interaction with the receptor is
usually known as primary effect. The primary effect causes the physiological system
and its various components to respond, which translates to clinical response [45]. In
preclinical studies, PK-PD modeling is often used to estimate the FIH dose. Another
application is the use of physiological modeling and allometry of PK/toxicokinetic data
and extrapolation of the results from animals to human. In clinical settings, PK-PD
modeling is used to interpret the dose—response data for single ascending dose (SAD)
studies and decide doses for the dose escalation studies. This is primarily true where
a single dose exhibits change in the PD biomarker. PK-PD modeling also has been
used by the FDA to propose dose or dosage regimen(s) that were not originally recom-
mended by the sponsors. A variety of mathematical models have been used to analyze
different types of PD responses. There are two kinds of response. A graded or contin-
uous response is a one where the response can be measured as a continuous function
of dose, concentration, or time. These types of data have been typically modeled by
deterministic models. Examples of such response data would be change in heart rate,
temperature, and enzyme activity. The other type of response is known as dichotomous
response and is either “all” or “none.” Stochastic models have been used to analyze
this kind of data. In this section, we describe the different types of models typically
used to describe dose—response or exposure—response data and encompass the basic
model structure, PK-PD expectations from these types of models, determination of
initial estimates of drug-specific and system parameters, and applications reported in
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the literature. Additional complexities outside the scope of this discussion provided
can be found in the References section.

17.6 CONCENTRATION-RESPONSE RELATIONSHIP

A drug must bind to its target in order to exert its PD effects. As discussed previously,
these proteins may be enzymes, transporters, ion channels, or receptors. The most
popular and appropriate model for receptor occupancy, proposed by Clark, is based
on law of mass action. The law of mass action and small quantity of receptors lead
to capacity limitation for most responses (Jusko WJ, State University of New York
at Buffalo, New York, personal communication, March 2006). Below is a schematic
representation of drug—receptor interaction:

[C]+[R] < [R-C]

Let us suppose that [C] is the concentration of drug at the site of action,
[R] is the available concentration of receptors, RTOT 1is total concentration
of receptors (bound+free), and RC is the concentration of the drug—receptor
complex. The primary assumption is that the effect is proportional to the
drug—receptor concentration at a given time. At equilibrium, the rate of formation of
the drug—receptor complex, governed by a second-order rate constant k; is equal to
the rate of dissociation of the RC complex, governed by the first-order rate constant
k_1. Thus, the equation for the drug—receptor complex is as follows:

d[RC
S —kR1 1O kRO (17.1)
At equilibrium when
d[RC]
e (17.2)
ki -[R]-[C] = k-1 - [RC] (17.3)
[RI-[C] ko
RO =TS Kp (17.4)

where Kp is the equilibrium dissociation constant. A lower value of Kp indicates a
poor dissociation of the drug—receptor complex translating into high affinity of the
drug for a given receptor.

Solving for [RC] yields

([Rtor] — [RCD - [C] _ ks

— =K 17.5
[RC] I D (17.5)
Rearranging the above equation, one can arrive at
RC C
[RC]  [C] (17.6)

[Rta]l  [Cl+ Kp
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Ariens [46] introduced the concept that effect is directly proportional to the con-
centration of the drug—receptor complex and the proportionality constant ¢ was called
the intrinsic activity of the agent:

[RC]
g —

e (17.7)

The maximal drug response occurs when all the receptors are occupied and thus,

R
e — [Rot] (17.8)
Emax
Substituting in Equation 17.6 yields the following equation:
Enax - [C
_ Enax - [C] 179
[Cl1+ Kp

Kbp, the affinity for the drug can be replaced by ECsq (or the potency) for the agent
to yield Equation 17.10. ECsq is defined as the concentration of the drug that produces
50% of its maximum effect:

Emax : [C]

= 17.1
ECso + [C] (17.10)

Thus, the binding of a drug to the receptor can translate to the clinical response E.
In PD modeling, a drug bound to a receptor may either stimulate (S) or inhibit (/) a
process as described by the following equations:

Smax : [C]
=14 — 17.11
* =1 5Cq 10 (710
Imax : [C]
=14+ — 17.12
T 1Co r1C) (1712

17.7 CLASSIFICATION OF MATHEMATICAL MODELS IN
PHARMACODYNAMICS

Figure 17.8 depicts the classification of different types of models used to analyze PD
data. The models have been described in details in the following sections.

17.7.1 Reversible Effect Models

This category refers to the type of responses that return to the baseline or predose
(physiological) levels as the drug is eliminated from the system (e.g., inhibition or stim-
ulation of synthesis or dissipation of response, cell trafficking, and enzyme induction),
causing no permanent damage to the system.
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Pharmacodynamic models

l l

Reversible effects Irreversible effects Other models
e Cell kill * Disease progression
* Enzyme inactivation models

* Models of tolerance
and rebound

Direct effect models Delayed effect models
e Linear * Biophase

* Log-linear ¢ Indirect response

e Simple Emax ¢ Cell lifespan

e Sygmoidal Emax * Transduction

Figure 17.8 Types of pharmacodynamic models.

17.7.1.1 Direct Effect Models. A direct effect is observed when the action of the
drug on its target is so rapid that there is no delay observed between the PK and
PD profiles, for example, vascular targets or very rapid turnover processes such as
muscle activity. The basic expectation of these effects is depicted in Fig. 17.9a and
b. Figure 17.9a represents PK (C vs ) and Fig. 17.9b depicts effects versus time.
Equation 17.13 represents the PK and Equation 17.14 represents the PD:

D
Cp= — -e Kt 17.13
=1 € ( )
Epax - C
E— max'™ (17.14)
ECs0 + C

At Cpax, the effect reaches a maximum of 100. As the drug is eliminated, the effect
diminishes and reaches a minimum at a sufficiently low drug concentration.
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Figure 17.9 PK/PD expectations in case of direct effects. (a) Monoexponential PK and (b)
PD. ko = 0.4 units, V = 10 units, E.x = 100, EC5y = 100.
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17.7.1.1.1 Linear Effect Concentration Model. The simplest relationship between
effect and concentration is represented by the following equation:

E=m-C (17.15)

This equation indicates that effect is zero when there is no drug present in the body
and it increases with slope “m” as the concentration of the drug in the body increases.
A situation very similar to this could be the presence of baseline of effect (E(), which
is represented by Equation 17.16. At C = 0, the effect is Ey. As the concentration

increases, the effect increases linearly with a slope “m.” “m” can be easily estimated
from the slope of the effect versus concentration plot:

E=Ey+m-C (17.16)

17.7.1.1.2 Log-Linear Effect Concentration Model. This model finds its application
in cases where the concentration varies over a wide range and appears curvilinear when
plotted without log transformation. On log transformation, the data appear linear and the
slope “m” can be estimated easily as described above (Eq. 17.17). The main assumption
of this model is that changes in drug concentration and effect are proportional to one

another:
E=m-logC + Ey (17.17)

17.7.1.1.3  Simple and Sigmoid En.x Models. A simple En,x and sigmoid Ep,x
model is depicted by Equations 17.18 and 17.19, respectively:

Emax -C

E=_—"% — (17.18)
ECs0 + C
Emax - CY

E=_—"2—— (17.19)
ECL, + CY

Emax indicates the maximum response caused by the drug. ECs is defined as the
concentration of the drug, which produces half the maximal response. The PK-PD
expectation is shown in Fig. 17.9. In sigmoid E,,x model, a shape factor is added to
the simple Ep,x to make the slope of the response steeper or shallower. Figure 17.10
depicts how the values for the shape factor, y, affect the profile. This shape factor
provides more flexibility to the function so that the function can orient itself according
to the shape of the data.

17.7.1.2  Delayed Effect Models. A drug, after administration, may produce effects
which may be delayed from the PK. The maximum effect does not occur at the same
time as the maximum plasma concentration. This may be due to distributional delays,
turnover of endogenous proteins, or signal transduction. In this type of data if the
plasma concentrations from each time point are plotted with the effect at the corre-
sponding time point, they do not produce a hyperbolic profile but produce hysteresis
(Greek meaning, the state of being behind or late). Figure 17.11a shows a typical PK-
PD expectation for a delayed effect. The PK profile peaks at 1 h and the response peaks



24 PHARMACODYNAMICS

100

50

% response

Log (concentration)

Figure 17.10 Effect of the values of y on the profiles of a simple Ep,x model.

at 2h. Thus, the PD response in delayed by 1h. Figure 17.11b shows a prototypical
hysteresis plot produced when concentration is plotted against effect in case of delayed
effects. For the same concentration of 40 units, there are two effects, 95 and 105 units.
This profile cannot be analyzed using simple Enax-type model to resolve estimates
of drug efficacy/potency. To obtain accurate estimates of efficacy, the PK-PD model
needs to incorporate a component that captures the delay. In this section, we have made
an effort to identify different types of mechanistic and empirical approaches, which
account for these delays in drug response.

17.7.1.2.1 Biophase Model or Link Model. Biophase or link model has been applied
to data where drug distribution to the site of action is assumed to be the rate-limiting
factor for effect to occur. The term biophase was first coined by Furchgott [47]. This
modeling approach was proposed and popularized by Sheiner ef al. [48] for drugs
showing delay in response. In their publication, Sheiner ef al. included a hypothetical
delay compartment to account for the disconnection observed in the PK and PD of the
compound.
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Figure 17.11 (a) Typical PK-PD expectation for a delayed PD effect and (b) hysteresis after
plotting concentration with effect.
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Elimination

Figure 17.12 Biophase/link model.

The structure of the model is depicted in Fig. 17.12. Cp is the concentration of drug
in plasma and C. is the concentration of drug in the hypothetical effect compartment.
Drug enters plasma by “input” and is eliminated by “elimination.” It also distributes
to a hypothetical effect compartment by the rate constant k,. and this distribution
causes the delay for the observed effect. The basic assumption of this model is that
the hypothetical effect compartment does not alter the PK of the drug. The plasma
PK parameters are fixed. The rate constants kp. and k.o are assumed to be the same
(kep) due to lack of identifiability. Thus, k. is defined as the rate constant causing
distribution of drug to the hypothetical effect compartment and thus causing delay. An
Emax model is then used to describe the effect versus time profile and Cp, in the Epax
equation is replaced by C, as shown in the following equations:

dC,
= keo - Cp — keg - Ce (17.20)
dr
Emax - C
E=_—2% "¢ (17.21)
ECSO + Ce

The biophase/link model has been widely used in the literature to model PK-PD
relationship of drugs showing delays in effect [49-51]. A nice example of using
a biophase model to account for delay of electroencephalography (EEC) effect by
midazolam, when using arterial sampling, was demonstrated by Tuk et al. [52]. Arterial
data showed anticlockwise hysteresis but no hysteresis was observed with the use of
venous concentrations.

SIGNATURE PROFILES. Figure 17.13 shows the simulations performed on a typical
biophase or link model. The following parameter values were used to perform the
simulations:

ke =0.4, keo=0.5, Emax =100, EC50=100, V =1, dose : 10, 100, 1000, 10,000 units

As one would expect, the peak effect occurs at a later time than that of Cpax. Thmax
of the effect is the same for all doses. Decreases in values of k¢ will produce more
delay. On the basis of the values of kg, the effect compartment may produce flip-flop
kinetics.
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Figure 17.13 Signature profiles of plasma compartment, effect compartment, and response ver-

sus time profiles for a biophase model. ke; = 0.4, kep = 0.5, Epax = 100, ECso =100,V =1,
dose: 10, 100, 1000, and 10,000 units.

EFFECT OF k¢y ON SIGNATURE PROFILES. Figure 17.14 depicts the effects of chang-
ing keo on the signature profiles of a biophase model. The dotted line is the plasma
concentration and the solid lines depict biophase concentrations at different values of
keo. The value of the elimination rate constant, k. is 0.4 and three profiles of biophase
concentrations for k.o values of 0.1, 0.4, and 1 have been plotted. When ko and k¢
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Figure 17.14 Effect of different values of keo on shapes of hypothetical effect compartment.
koo = 0.1, 0.4, and 1. ke = 0.4. Dotted line, central compartment; solid lines, hypothetical
effect compartment.
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Figure 17.15 Schematic diagram of a mammillary two-compartment model.

are equal (keo = k¢ = 0.4), the biophase and plasma profiles are not exactly parallel
and the biophase profile seems curvilinear. In this case the explicit solution for the
biophase compartment is slightly different and is outside the scope of this chapter. The
terminal phase of the biophase concentrations is parallel to the plasma concentrations
when value of k¢ is 1. When k¢ is 0.1, the terminal phase of the plasma concentra-
tions and biophase concentrations are not parallel. Thus, this model has a flexibility
of capturing PK-PD data where drug leaves the body but the effect still prevails, with
values of ke less than the terminal phase of the PK profile.

DIFFERENCE WITH A MAMMILLARY TWO-COMPARTMENT MODEL. Figure 17.15 depicts a
mammillary two-compartment PK model. Cp represents drug concentrations in the cen-
tral (plasma) compartment and Ct represents drug concentrations in some hypothetical
tissue compartment where the drug can distribute to. The first-order rate constant ke
represents the elimination rate constant for drug from the central compartment, and &,
and k) are first-order rate constants representing distribution from plasma to tissue and
tissue to plasma, respectively. Drug is eliminated only from the central compartment.
Primarily, there are three disadvantages of using a two-compartment model instead of
a biophase model. First, the number of parameters is one more than a biophase model
since one has to use k> and kp; instead of just k¢p. Second, if the plasma kinetics of
the drug in monophasic, adding a tissue compartment will always make the plasma
concentrations biphasic. In other words, a tissue compartment affects the concentra-
tions of the plasma compartment. But the assumption of a biophase model is that the
effect compartment does not alter the plasma concentrations. Third, no matter what
value we use for ko and kpj, the tissue concentrations will always decline parallel to
the plasma concentrations for a two-compartment mammillary model. Whereas for a
biophase model, the effect site concentrations do not decline parallel to the plasma
concentrations for key values less than the elimination rate constant.

INITIAL ESTIMATES. Figure 17.16 describes the method for estimation of k.y. The
rationale for taking the difference between time of peak effect and time of peak
plasma concentration arises from the belief that the delay observed in effect is due
to distribution of the drug to the effect compartment or biophase. If one had biophase
concentrations, the time of peak biophase concentrations would be the same as the
time of peak effect. Thus, the difference between peak times for effect and plasma
concentrations provides the time required for distribution to biophase to be complete.
Distribution is a first-order process governed by first-order rate constant keo. Thus, it
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Figure 17.16 Determination of initial estimate of k.

would take approximately four f15 x,, for the distribution to complete. Hence, ko is
calculated from Equations 17.22 and 17.23. An estimate of E,,x can be obtained from
the maximal response. ECsy estimate can obtained from concentration at }Ep,c on
down-curve of hysteresis arm:

_ (tpeak,effect - tpeak,plasma)

N/2.kep = 1 (17.22)
0.693

keo = (17.23)
tl/zskeo

17.7.1.2.2 Indirect Response Models. “Indirect response” refers to a PD response
that is produced when the drug acts on the production or dissipation of the endogenous
factors that affect/control the response [53].

The basic equation for the scheme is provided below:

dR
E == kin - kout -R (1724)

where ki, is the zero-order production rate of response, R, and ko is the first-order
rate constant for the loss of response. Usually, R is measured as graded or continuous
variable (Section 17.5). R begins at a baseline value and changes with time when a
drug is administered and reaches back to its baseline value after the drug is out of the
system.

When no drug is present, R has the baseline value R, which is obtained by putting
dR/dt = 0. Thus, Ry = kin/ kout-

For the basic indirect response models, four possibilities have been described
(Fig. 17.17) [54]. The drug either inhibits or stimulates production or loss of response.
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Figure 17.17 Schematic diagram for four basic indirect response models. Black solid bar
indicates inhibitory function and white bar indicates stimulatory function.

The effect of the drug on the system can be asserted with the aid of a stimulatory
or an inhibitory response. An inhibitory or a stimulatory response can be depicted as
I(t) and S(¢):

1) =1 Imax - € (17.25)
o IC50 + C '
Smax ° C
S(f) =1+ —mx — 17.26
() + SCsy 1 C ( )

In these equations, C represents the plasma/blood concentrations of the drug.
IC5¢/SCs is the concentration of the drug at half the maximal inhibitory/stimulatory
effect. Emax Or Smax represents the maximum effect of the drug on the response.

In the inhibitory equation, /() assumes that 0 < Ijyax > 1. If the drug concentration
is high enough to produce maximum inhibition of either production or loss of response,
Imax 1s assigned a value of 1. The equation, then, is written in the following form:

C
It)=1— —/—— 17.27
Q) ICoy 1 C ( )

MODEL I: INHIBITION OF PRODUCTION OF RESPONSE. The turnover equation for this
model is as follows:

dR ki - [ Inax - C

— = — " | kew - R 17.28
dr IC50+C] out (17.28)

The inhibition of production causes the response to decrease with time to a minimum
value and then a gradual return to the predose baseline. Model I has been applied to
a variety of drug responses in the literature. Some examples would be reduction of
pain [55] and temperature [56] by anti-inflammatory drugs, effect of corticosteroids on
cortisol [57], and effect of histamine H,-receptor antagonists on the secretion of acid
[58].

MODEL II: INHIBITION OF LOSS OF RESPONSE. The turnover equation for this model is
as follows:

dR Inax - C
— =k — oy |1 — —2 — |.R 17.29
dr out |: ICs50 + Cj| ( )

For model II, the signature profile looks opposite of model I. Since the loss of
response is inhibited as the response increases with time and returns back to baseline.
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Model II has been reported in the literature for cholinesterase inhibition as well as
inhibition of water reuptake by diuretics [59]. Inhibition of water reuptake leads to
increased diuresis.

MODEL III: STIMULATION OF PRODUCTION OF RESPONSE. The turnover equation for
model III is as follows:

dR [ Smax - C

— — k- _omax >
SCs0 + C

” j| — kout - R (17.30)

For model I1I, the drug stimulates the production of the response. Thus, the response
increases from baseline with time and then returns back to the baseline. The signature
profile is similar to that of model II. In the literature, model III has been applied to bron-
chodilatory effects of terbutaline [50], growth-hormone-releasing effect of ipamorelin
[60], as well as induction of prolactin secretion by a dopamine receptor antagonist
[61].

MODEL IV: STIMULATION OF LOSS OF RESPONSE. In model 1V, the drug causes stimu-
lation of the loss of response. Thus, the signature profile is similar to that of model L.
The response decreases after drug administration and then trends back to the baseline
levels as the drug is eliminated from the system.

The turnover equation of this system is as follows:

Smax : C
SCs0 + C

dR

— 17.31
” ( )

:kin _kout‘ |:1 +

Model IV has been applied to terbutaline’s effect on lowering plasma potassium lev-
els [59,62]. As the plasma concentrations for terbutaline increase, the plasma potassium
concentrations decrease, the peak of decrease in potassium concentrations is delayed
by approximately half an hour.

DIFFERENCE BETWEEN BIOPHASE/LINK MODEL AND INDIRECT RESPONSE MODELS. The
movement of drug in and out of the hypothetical distribution compartment might appar-
ently look similar to the processes ki, and k. For a data set that should be fitted with
an indirect response model if fitted with a biophase/link model would perform equally
well for a single dose. The fits, however, would become worse with simultaneous fitting
of more than one dose levels to obtain a common set of parameters. One of the primary
reasons lies in the basic expectations from the two models. For biophase/link models,
the maximum effect is expected to occur at the same time, whereas for the indirect
response models, the peak effect is further delayed with increasing doses [54]. Data
simulated with indirect response models when fitted with a biophase model produces
different values of parameters with data for different dose levels [63—65].

SIGNATURE PROFILES. Figure 17.18 shows signature profiles for the indirect response
models. A pattern of decrease and return to baseline is observed with models I and IV.
An opposite pattern, increase in response and return back to baseline, is observed with
models IT and III. With an increase in dose, all the parameters, maximum response,
initial slope, and Tiax effect also increase. The peak response is delayed with increase
in dose [66,67].
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Figure 17.18 Signature profiles for four basic indirect response models. V =90, k¢ = 0.3,

Imax = L, Smax

=1, SCsp =100, ICs50 = 100, kin = 9, kour = 0.3, Ry = 30. Doses: 10-1000

units. (a) Model I, (b) model II, (¢) model III, and (d) model IV. Source: Parameters obtained

from Ref. 67.

TABLE 17.3 Initial Parameter Estimates for Basic Indirect Response Models

Parameter Model 1 Model 11 Model 111 Model 1V
I /S (RO - Rmax) (Rmax - RO) (Rmax - RO) (RO - Rmax)
max max RO RO RO RO
St St St St
kin - _
I max I max Smax Smax

kin kin kin kin
Kou = = = =

Ry Ry Ry Ry
1C50/SCsg See Ref. 58 for the initial estimates for 1Cs50/SCsg

INITIAL PARAMETER ESTIMATES.

The details of initial parameter estimates have been

provided by Sharma and Jusko [66]. Table 17.3 contains the equations to calculate the

initial estimates.

17.7.1.2.3 Cell Life Span Models.

This type of model has mainly found its applica-

tion in the effect of substances, which stimulate the growth of cells in the body like the
hematopoietic cells (RBC, etc.). Cell life span is defined as the time a cell spends in a
population. Cell life span models assume that the loss of response (population of cells)
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Figure 17.19 Basic one-pool cell model.

does not follow first-order processes but occurs due to natural senescence. A popula-
tion of cells, R is controlled by two processes, a production rate and a loss rate [68].
Production can be due to physiological processes such as cell division, differentiation,
and maturation, whereas cell loss may be due to senescence and random conversion to
another type, such as hematopoietic cells. The following is the basic equation for the
turnover of a cell population:

dR
T production(t) — loss(¢) (17.32)

Figure 17.19 shows a basic one-pool cell model. As mentioned previously, the loss
process is assumed to be dependent on either natural senescence or conversion to
another type of cells. Each cell lives for a specific period of time (7r) and then dies
or becomes another cell. The number of cells disappearing in a given time interval is
equal to the number of cells generated. Or, the production rate is equal to that of the
loss rate but delayed by Tg:

Loss rate = production rate (+ — Tr)

The drug stimulates the production of response, which here is the cell population
with a stimulatory function S(¢):

Smax : Cy

S(t) = ———
® SCL, + CY

(17.33)

where C is the concentration of the drug in the cell compartment, Sp,ax is the maximum
extent to which the production of cells can be achieved, and SCsy corresponds to the
concentration at which the drug exhibits 50% stimulation of cell population. A Hill
coefficient, y, may be required to adjust for the shape of the response or can be set
equal to one.

In this system, the production rate is described by the following equation:

Production(z) = ki, - S(¢) (17.34)

Since loss rate is delayed by the life span of the cell (7r), the equation for loss rate
would be as follows:

Loss(t) = kin - S(t — Tr) (17.35)
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Thus, the basic one-pool cell model can be described by Equation 17.36:

d_R _ kin : Smax : C(t)y . kin : Smax : C(t - TR)y
dr SCL, + C (1) SCY, + C(t — T)Y

(17.36)

kin - Smax may be written as Sy, and represents the maximum rate of cell production by
the drug.

BASELINE (R,,). In the one-pool cell model depicted above, the production rate is equal
to the loss rate and only delayed by the life span of the cell. The cells are produced
by a zero-order rate constant ki,, which indicates that the number of cells born does
not depend on the pool, R. In this scenario, the baseline value would be the same and
not depend on any system parameters.

Thus, the value for the baseline was derived by Krzyzanski et al. [68] by assuming
the production of cells was shut down. The equation thus obtained for the baseline is
then expressed as follows:

Ro = kin - Tr 17.37)

PRESENCE OF AN ENDOGENOUS ACTIVE SUBSTANCE. If an endogenous compound stim-
ulates the cell population, the baseline equation does not remain the same. Assuming
a concentration of the endogenous compound to be Cy, the baseline equation will now
be basally stimulated as follows:

Ry = ki - T - (1 + Smicg) (17.38)
ECY, + C,

SIGNATURE PROFILES. Figure 17.20a depicts the PK profiles of an agent which stim-
ulates the production of cell population. PK was assumed to be one compartment with
first order elimination with IV bolus dosing. Figure 17.20b depicts signature profiles
for one-pool cell life span model for three dose levels. The rising part of the curves
is entirely dependent on the production rate in an apparent zero-order manner. The
profile reaches the peak exactly at the life span of the population [68]. After reaching
its peak, the loss rate takes over and the response reaches the baseline. Figure 17.20c
depicts the profiles at different values of 7r. As the values of Ty increase, the peak
appears later as expected since the model predicts the peak to appear at Tg.

INITIAL ESTIMATES.

TR - Tmax
Ry
kin = —
Tr
R
Smax - ;ZX 1
SI = kin ' Smax

The estimate of Sp.x is reliable only at large doses since at smaller doses, true
maximum effect is not achieved. Sy is the maximal initial slope.
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Figure 17.20 Signature profiles for one-pool cell life span model. k; = 0.1; V' = 1; dose = 1,
10, and 100; Tr = 24; Smax = 4; SCso = 10; and y = 1. Source: Parameters obtained from
Ref. 69.

APPLICATION OF CELL LIFE SPAN MODELS. Cell life span models have been applied
mainly to drugs that alter the production of hematopoietic cells [69—-76]. Woo et al. [74]
studied the effects of recombinant human erythropoietin (rHuUEPO) on reticulocytes,
RBC, hemoglobin, and mean corpuscular hemoglobin (MCH) in rats. The four-pool
cell life span model appropriately described the change in the PD parameters and
generated life span values for two precursor compartments as well as for reticulocytes.
To date, cell life span concepts have been only applied in case of rHUEPO and in one
case for thrombopoietin (TPO) and recombinant human granulocyte colony stimulating
factor (rHuG-CSF) [68].

17.7.1.2.4 Time-Dependent Transduction Models. Time-dependent transduction
models have been used to describe the underlying mechanism for a delayed PD
response as signal transduction or some unknown mechanism. Signal transduction is
the process by which a cell converts an extracellular signal into a response. A typical
signal-transduction process is shown in Fig. 17.21. The signal “s” enters the cell and
binds to the receptor R. This signal—receptor complex can cause an immediate direct
effect. On the other hand, the signal—receptor complex can also enter the nucleus and
bind to the gene response element to cause a gene-mediated delayed effect. If the
intermediate steps are not measured, the data could be modeled empirically with a
transduction model. Ligands for nuclear hormone receptors, described in Section 17.2,
cause signal-transduction cascade and can produce long delays in response. GPCRs
and ion channels, on the other hand, do not produce this kind of long delays
once a ligand binds to them. Figure 17.22 depicts typical PK-PD expectation for a
time-dependent transduction model [77].
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Figure 17.21 Schematic diagram for a signal-transduction process. Source: Adapted from
Ref. 77.

The dotted line shows the PK profile and the solid line shows the PD profile. It is
curious to note that the drug may be almost out of the system, but the PD marker is still
at its baseline. In the case of biophase, indirect response (IDR), and cell life span mod-
els, the peak of the PD response appears later than the PK peak. However, in the case
of transduction, one can see a significant delay, as depicted in (Fig. 17.22). Mathemat-
ically, the transit compartment technique is primarily used to model this delay between
the PK and the PD response [78,79]. Figure 17.23 depicts a typical transit compartment
model. Ty, T, ..., Ty are the transit compartments. Mathematically, the transit com-
partment model contains a series of differential equations (Eqs. 17.39-17.42), which
describe a cascade of events between target occupancy and the PD effect. t is defined
as the mean transit time of signal from one compartment to the other and is assumed
to be the same for all the compartments. y is the power coefficient, which amplifies
or dampens the signal of the transducer and is analogous to the Hill coefficient.

INITIAL ESTIMATES. The number of transit compartments (N), mean transit time (t),
and the power coefficient (y) should be determined by fitting the model to the data:

drR 1 Imax - C
— = (1= _R (17.39)
dr T IC50 + C
an _ 1 (R—T)) (17.40)
dr =t ! '
an 1
d—tz = (T} — Ty) (17.41)
a7, 1
el (Th1 —Tp) (17.42)
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Figure 17.23 Transit compartment model for describing time-dependent transduction system.

SIGNATURE PROFILES. Figure 17.24 depicts the signature profiles for a single-step
transduction process at different dose levels. The initial slope of these profiles is dose-
independent. The time to peak effect is dose-dependent unlike biophase/link model.
For medium to high dose levels, decline in response is parallel and inflection point
represents the ECsy. The profiles mimic IDR model III (stimulation of k;i,) for single-
step processes but would not in case where multiple transduction processes exist.
Figure 17.25a depicts the effect of increase in T on the signature profiles for a trans-
duction system. As Tt increases, the profiles shift to later times and the maximum
effect is diminished. Similarly, Fig. 17.25b depicts the effect of increase in the num-
ber of transduction compartments. The effect is similar to that of increase in t. With
an increase in the number of compartments, the profiles shift to later times and the
maximum effect diminishes.

APPLICATIONS.  Application of transduction models have been found in the literature in
multiple therapeutic areas. These models have been applied to the cardiovascular area
by Perlstein e al. [80]. A signal-transduction model with three delay compartments
and a shape factor on the second compartment was used to capture the delay of the PD
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Figure 17.24 Signature profiles for single-step transduction process. V = 0.1; kg = 1;
Enx = 100; EC50 =100; t = 1.
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Figure 17.25 The effect of T and N on the signature profiles for a transduction system.
(a) Effect of increase in the values of t and (b) effect of increase in the number of delay
compartments (N).

response. Delays in tumor growth have also been described extensively in the oncology
area [81-85]. Lobo and Balthasar [81] modeled the delay in tumor growth using the
killing rate constant with transit compartments. Simeoni ef al. modeled the delay by
dividing the tumor compartment into four transit compartments and called them injured
tumor cells. The sum of all the injured cell compartments and the tumor compartment
will produce the final response that is invariably a decrease in tumor weight [82].

17.7.2 TIrreversible Effects

Effects such as cell killing and enzyme inactivation are known as irreversible effects.
The response returns to the baseline not due to turnover of the response but due to
growth of cells or synthesis of new enzymes. These agents generally covalently bind
to the target, which promotes the destruction of cells/enzymes.

17.7.2.1 Cell Kill Models. This type of model was first applied by Jusko [86] in
1971. Figure 17.26 depicts the basic structure of the model.

R is the PD response, which is the number of cells in a population. The growth rate
of the cells (describe by kilograms) is a first-order process and depends on the number
of cells present in the population. The cells have their natural death governed by
the first-order rate constant k. C represents the concentrations of the chemotherapeutic

Figure 17.26 Basic structure of a cell killing model.
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Figure 17.27 Signature profiles for a cell killing model with nonlinear killing function.
V =0.75, kg = 0.3, kg = 0.01, Koy = 0.1, KCs59 = 10. Dose = 0, 10, 100, 1000, and 10,000
units.

agent that stimulates cell death. The equation for this type of system is provided below:

dR
E:kg-R—k-C-R (17.43)

Integration of the above equation gives
R = Ry - ekel . g FAUG (17.44)

Looking at the above equation, one might mistakenly think that killing of the cells
is independent of time, but the time component is hidden in the AUC term.

Instead of a linear cell kill constant, a nonlinear cell kill constant can be used as
well. The rate constant for killing, k, will be modified to the following equation:

Kmax -C

= — 17.45
KCs0 4+ C ( )

Signature profiles for the cell killing model with a nonlinear kill rate function are
depicted in (Fig. 17.27). Monoexponential decline of PK was assumed. The PD profiles
show decline in response and the response returns beyond the baseline as one would
expect since the response in proliferating cells grows when there is no drug in the
system. The control curve, on the other hand, only grows since there in no drug in the
system to kill the cells.

17.7.2.1.1 Initial Estimates. Figure 17.28 shows the method of determination of
initial estimates from the model.

In Fig. 17.28, plotted on the Y-axis is the log of survival fraction (R/Ry) and plotted
on the X-axis is time. The initial estimates for k, and k are obtained from the following
equations, where fp is the doubling time of the cells and can be obtained from observed
data:

InS

k= ——oF (17.46)
0.693

ke = (17.47)

Ip
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Figure 17.28 Method for obtaining initial estimates for a basic cell kill model.
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Figure 17.29 An irreversible enzyme inactivation model.

17.7.2.1.2 Applications. These models have been applied [87] to effect of
piperacillin in studies of neutropenic mice infected with Pseudomonas aeruginosa.
For all the doses, the survival fraction goes down, and as the drug is eliminated, the
bacteria continues to grow again.

17.7.2.2 Model for Enzyme Inactivation. The structure of a typical enzyme inacti-
vation model is depicted in Fig. 17.29.

R represents the enzyme concentrations. The enzyme is produced by a zero-order
rate constant ki, and a first-order rate constant k. f(C) represents the irreversible
effect of the drug on the turnover of the enzyme. In absence of drug C, the model is
similar to a turnover model, where Ry = ki, /koyw. Equation 17.48 shows the turnover
of the enzyme in presence of the drug. The effect of the drug can either be linear or
represented by an En,x function. Equations 17.49 and 17.50 describe the two types of
drug effect:

dR
3 = Kin = Kow R = f(C)- R (17.48)

f(CO)=k-C (17.49)
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Figure 17.30 Signature profiles for an irreversible enzyme inactivation model.

ke = 0.3,V =1, kin = 10, koyt = 0.1, k = 0.01. Dose = 10, 100, and 1000 units.

Kmax -C
f(6) =

_ (17.50)
KCs0 + C

17.7.2.2.1 Signature Profiles. Figure 17.30 depicts the signature profiles for enzyme
inactivation model at a range of doses. The response declines from baseline to a
minimum and returns back to the baseline with time. There is a dose-dependent shift
in the maximal effect; however, the peak effect occurs earlier unlike indirect response
models, where peak effect occurs later at higher doses [88].

17.7.2.2.2 Applications. The basic turnover-irreversible model has been applied to
inhibition of gastric acid secretion of pantoprazole [89]. This model was further used
to simulate reduction in acid secretion at 40-mg dose to validate the model. The model
was further validated by integration of clinical data, which showed reduction in time to
maximal effects with an increase in concentrations or dose as well as higher infusion
rates. This kind of model has also been applied to antiplatelet effects of aspirin [90].

17.7.3 Other Models

17.7.3.1 Disease Progression Models. Clinical pharmacology is a combination of
how a disease progresses and the effect of drug on the progression of disease. It was
first indicated by Holford and Sheiner in 1981 that the baseline in patients, which we
use in an E,,x model (Eyp), is not a constant number. The change in E( over time should
be taken into consideration while analyzing the clinical data [91]. The progression of
disease refers to time course or trajectory of a biomarker or a PD or clinical end
point, which is a measure of the clinical status of the patient. This trajectory of the
disease progression can be linear, nonlinear, or cyclical. Thus, a model for progression
of a disease should incorporate these factors with mathematical function to describe
the time course of disease progression [92]. Also, there may be situations where the
disease conditions change the underlying PK and PD. These changes should also be
incorporated during analysis of clinical data and clinical trial simulations.

17.7.3.1.1 Effects of Drugs in Disease Progression. The effect of a drug on the
disease progression may be of three types [93]. Figure 17.31 depicts the three types of
drug effects on disease progression.



CLASSIFICATION OF MATHEMATICAL MODELS IN PHARMACODYNAMICS 41

Symptomatic Protective Curative
s ’
s 7’
4 ’
’ 7’
’ 7’
’ 7’
’ 7’
4 4
4 7’
’ v’
B A d
7
s 7’
4 ’
’ ’
’ 7’
’ ’
s ’
ittt - - - - - -

Time

Figure 17.31 Types of effects of different drugs on disease progression.

SYMPTOMATIC. The effect of a drug is named symptomatic if it has a beneficial effect
on the disease but does not change the underlying process of the disease or the trajectory
of the disease. The drug delays the progression of the disease, and as the drug exits the
system, the disease follows its normal path. This type of drug effect has been seen with
tacrine in the treatment of Alzheimer’s disease [94]. The drug delays the deterioration
of the patient by six months, and as soon as the therapy is stopped, the deterioration
follows its natural path.

DISEASE MODIFYING OR PROTECTIVE. A drug is said to be protective or disease modi-
fying if it interferes with the natural history or trajectory of the disease and causes a
permanent change. Thus, the effect remains even after the drug has been eliminated or
therapy has been stopped. Protective effects may be of two types, one which alters the
time course of progression of the disease and the other which changes the maximal
status of the disease.

CURATIVE. The effect of a drug is said to be curative if the therapy completely arrests
the progression of the disease. Again, removal of drug from the system or stopping of
therapy keeps the patient in the state before the disease started [92]. Chemotherapeutic
agents such as antibacterial agents and some anticancer agents exhibit curative effects.

17.7.3.1.2 Models of Disease Progression.

LINEAR MODELS. The linear model of disease progression is the simplest model used
to describe the time course of progression of several diseases. The model assumes that
the patient has a baseline disease condition Sy and a slope o, which is responsible for
the change in the disease condition with time. Equation 17.51 shows the disease model
without the effect of the drug:

St =S +a-t (17.51)

A disease progression model is built in two steps. First, the model for the disease

is built and then the effect of the drug is added to it. Equation 17.52 shows the effect
of the drug [f(C)]:

St)y=So+a-t+ f(C) (17.52)
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Equation 17.52 shows a symptomatic drug effect on the disease. The drug does not
act on a. Once the therapy is stopped or the drug goes out of the system, the same
slope o resumes. Equation 17.53, on the other hand, shows the protective effect of the
drug. In this case, the drug acts on the slope o, and at the end of therapy, the value of
a changes to a different value, o

S@t)=So+ (a+ f(C)) -t (17.53)

ASYMPTOTIC MODELS. The linear models have their own disadvantages. They are
useful for time frames that are mainly linear. Also, the biological systems, more often
than not, change nonlinearly with time. Thus, asymptotic models are often used to
describe a variety of diseases. There are different kinds of asymptotic models used in
the literature to describe different disease processes. These models are named so since
they are associated with some kind of plateau of the disease biomarker. Table 17.4
depicts different types of disease models and the effect of drugs on the disease.

Apart from the examples shown in Table 17.4, other asymptotic models can be used
such as inverse Bateman function [92] and cyclical modification of inverse Bateman
function [92].

GROWTH MODELS.  Apart from all the linear and asymptotic models, different types of
growth models have also been used to describe disease progression. A Gompertz-type
growth function has been used to describe the time course of Parkinson’s disease [92],
as depicted in the following equation:

dR
e B-R-(Bmax — R) — (kdeath - R) (17.54)

In addition to these models, transit compartment models have also been used to
describe a time course of disease [92].

TABLE 17.4 Asymptotic Models of Disease Progression and Effect of Drug on Disease

Model Equation Symptomatic Drug  Disease Modifying or References
Effect Protective Drug
Effect
Exponential S(t) = S - e kPrROGT  §(1) = S, - S(t) = 87
e kPROGT — £ (C) Sp - e~ tkproGH/ (Ol
Enmax function S(t) = So + <22 S(1) = So+ S@t) = 88,89
SCso+ Swect 4 () S, 4 SmcllH/ Ol
SCso+ 0 SCsoli+f (O
Nonzero S@t) = S@t) = S@)=So 84
asymptotic S - e TkPROGT L S . §y . eRPROGT 1§ . . ekproG LI+ (O]
function (1 — e *proG) (1 — ekrrocl) 4 +Ss - (1—

f(C) e kPROG 14/ (O)11
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Figure 17.32 Schematic diagram of a precursor-dependent indirect response model.

17.7.3.2 Models of Tolerance and Rebound. As defined in Section 17.2, tolerance
is referred to as a phenomenon where the response to the drug exposure is diminished
due to repeated administration of the drug. This phenomenon might be observed in
the clinic as well as in preclinical species and has been described by the following PD
models.

17.7.3.2.1 Precursor-Dependent Indirect Response Model. This model describes the
phenomenon of tolerance and rebound in case of indirect PD responses. The model in
general shows how a drug can affect a precursor pool by stimulation or inhibition of
the elimination of the precursor. The structure of the model is depicted in (Fig. 17.32).
Precursor P is synthesized by a zero-order rate ky and lost by the first-order rate
ks. Precursor is converted to response R by a first-order rate kp. The response, R,
is dissipated by a first-order rate ko [95]. The drug either stimulates or inhibits the
conversion of the precursor to the response by inhibitory /(¢) or stimulatory S(f)
functions as follows. The rate of change of response and the precursor can be described
by the following set of differential equations:

dp

’r =k —kp(1£ H(t))- P —ks- P (17.55)
dR
e kp(1 = H(t)) - P —kout - R (17.56)

H (1) represents either stimulatory or inhibitory Hill functions, as described by the
following equations:

Smax’C
St) =14 —/——— 17.57
(1) +SC50+C ( )
Imax'c
It)=1— ——— 17.58
®) IC50 + C ( )

The signature profiles for the stimulation model after four doses starting from 10
units to 10,000 units are shown in Fig. 17.33. In precursor-dependent IDRs, rebound
is mainly due to depletion (stimulation model) or accumulation (inhibition model) in
the amount of precursor with time, flowing into the drug compartment. The maximal
effect increases with increase in dose. The effect reaches the baseline and further goes
down producing rebound. The peak of the rebound shifts toward later time points with
dose. Figure 17.34 depicts the effect of multiple dosing on the signature profiles of a
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Figure 17.34 Development of tolerance during multiple dosing for a precursor-dependent IDR.

Dose of 100 units given at an interval of 12 h. Dotted line, multiple dose pharmacokinetics; solid
lines, multiple dose pharmacodynamics for models with and without precursor.

precursor-dependent indirect response model. Plotted in the same graph is the mono-
exponential PK profiles and two PD profiles, one with the precursor compartment and
the other without precursor compartment. The profile without the precursor compart-
ment increases with multiple dose and reaches steady state as the PK reaches steady
state with a slight delay in the peak times. When a precursor compartment is added,
the PD response decreases with the first three doses and then achieves a steady state

with response values much less than that achieved by the model without a precursor

compartment. Thus, the model with a precursor compartment exhibits tolerance with
multiple doses.

17.7.3.2.2 Counterregulatory Model.

This type of model relies on the opposing
effect acting on the response. The formation of the modulator is dependent on the

response and a first-order rate constant, kj, and dissipates with the rate constant k.
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The turnover of the modulator is provided by the following equation:

dM
gzlq.R—kz-M (17.59)

The modulator compartment is then introduced into the mechanistic PD model as an
opposing effect. The following equation shows such a modulator effect on an indirect
response model:

dR

Inax - C
. = kin - kout : |:1 "
dr

IC50+C} R-(1+M) (17.60)

Counterregulatory models in their various forms have been used a multiple times in
the literature [96,97]. Bauer and Fung developed a counterregulatory model to account
for the effect and generation of tolerance by nitroglycerine in a rat model [97]. Counter-
regulatory mechanisms have been introduced in the indirect response model of diuresis
to account for tolerance development by furosemide [97].

17.8 TOOLS AND SOFTWARES COMMONLY USED IN PK-PD
MODELING

PK-PD modeling requires a computer to undergo iterative procedure to generate PK
and PD parameters. Various softwares have been used from the inception of this kind
of data analysis. Various softwares used are WinNonlin, ADAPT II and V, Matlab
(extensively used in chemical engineering as well), SAAM II, Phoenix, and SAS for
individual analysis. For population modeling, more popular softwares are NONMEM,
S-ADAPT, R, S-PLUS, SAS, WinNonmix, ADAPT V, and Phoenix. For simulations,
Berkeley Madonna is extensively used. Simulations for this chapter were performed
with WinNonlin [98], ADAPT V [99], and Berkeley Madonna [100]. GraphPad Prism
[101] was used for plotting the simulated data.

17.9 CONCLUSIONS

In order to perform and apply PK-PD modeling successfully, one requires a sound
understanding of various disciplines such as biology, pharmacology, and mathematical
and statistical sciences. Knowledge of biology and pharmacology helps in understand-
ing a disease and therefore choosing the right biomarker for the development of a
disease model. Modeling has diverse applications in both drug discovery and devel-
opment, starting from understanding of efficacy animal models through dose selection
for FIH studies, and throughout drug development.

17.10 FUTURE PERSPECTIVES: SYSTEMS MODELING

A recent interest in the area of PK-PD modeling is the development and application
of systems modeling in drug discovery and development. Systems modeling refer to
modeling a system such as heart or lung using same mathematical principles as used
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in classical PK-PD modeling. Modeling has been thriving on applied mathematics to
understand the quantitative relationship between kinetics of drug in the body and its
effect [102]. Systems model mainly refer to the development of physiologically based
disease progression models to which a drug effect can be incorporated. Modeling efforts
in physiology have resulted in organ models such as the human lung model [103] and
the lumped heart model [104]. Building similar systems with progression of disease is
the latest challenge in PK-PD modeling. Once such a model has been built, drug effect
can easily be incorporated. Some initial efforts have been made in this area recently
by Landersdorfer and Jusko [105] and Danhof and colleagues [106]; however, the area
is still in its evolution stage. A recent white paper from NIH states that, “quantitative
systems pharmacology will create understanding of disease mechanisms and therapeutic
effects that span biochemistry and structural studies, cell and animal-based experiments
and clinical studies in human patients” [107].
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