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A single unified model for fitting
simple to complex receptor
response data

Peter Buchwald

The fitting of complex receptor-response data where fractional response and occupancy do not

match is challenging. They encompass important cases including (a) the presence of “receptor
reserve” and/or partial agonism, (b) multiple responses assessed at different vantage points along a
pathway, (c) responses that are different along diverging downstream pathways (biased agonism),
and (d) constitutive activity. For these, simple models such as the well-known Clark or Hill equations
cannot be used. Those that can, such as the operational (Black&Leff) model, do not provide a unified
approach, have multiple nonintuitive parameters that are challenging to fit in well-defined manner,
have difficulties incorporating binding data, and cannot be reduced or connected to simpler forms. We
have recently introduced a quantitative receptor model (SABRE) that includes parameters for Signal
Amplification (y), Binding affinity (Ky), Receptor activation Efficacy (€), and constitutive activity (ggo).
It provides a single equation to fit complex cases within a full two-state framework with the possibility
of incorporating receptor occupancy data (i.e., experimental K;s). Simpler cases can be fit by using
consecutively reduced forms obtained by constraining parameters to specific values, e.g., &g =0: no
constitutive activity, y=1: no amplification (E,,,-type fitting), and £=1: no partial agonism (Clark
equation). Here, a Hill-type extension is introduced (n=1), and simulated and experimental receptor-
response data from simple to increasingly complex cases are fitted within the unified framework of
SABRE with differently constrained parameters.

Abbreviations

GPCR  G-protein coupled receptors

SABRE  Present model (with parameters for Signal Amplification, Binding affinity, and Receptor activation
Efficacy)

Receptors™* lie at the core of pharmacology and our current mechanism of drug action theories®. It is now well
understood that xenobiotics can generate physiological effects depending on (1) the amount of active compound
that actually reaches some receptor or, in more general terms, an “effect” compartment and (2a) the strength
of the interaction and (2b) the relevance of the structural changes produced at this site. Whereas, the former
are determined by processes related to the pharmacokinetic (PK) phase (including absorption, distribution,
metabolism, and elimination; ADME), the latter are determined by processes related to the pharmacodynamic
(PD) phase (including the ability to bind and activate a receptor, i.e., affinity and efficacy, respectively). Regard-
ing the latter, our sole focus here, it is now well recognized that in order to accommodate phenomena such as
partial agonism and receptor reserve, where fractional responses lag behind or are ahead of fractional occupancy,
receptor models have to be two-state models in which ligand-occupied receptor states are not necessarily active
(response-generating) and vice versa, active receptor states are not necessarily ligand occupied. Associating such
two-state models with quantitative receptor models to establish general concentration-response (or, more gener-
ally, dose- or exposure-response) relationships is crucial, as “exposure-response information is at the heart of
any determination of the safety and effectiveness of drugs”® and quality pharmacological analysis should always
include rigorous quantitative analyses and the calculation and reporting of IC5y, ECs, K, and other such values.

Well-known important cases where fractional response and occupancy are not aligned and challeng-
ing to fit include (a) the presence of “receptor reserve” (“spare receptors”)’” and/or partial agonism (often in

Department of Molecular and Cellular Pharmacology and Diabetes Research Institute, Miller School of Medicine,
University of Miami, Miami, FL 33136, USA. email: pbuchwald@med.miami.edu

SCIENTIFIC REPORTS|  (2020)10:13386 | https://doi.org/10.1038/s41598-020-70220-w


http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-020-70220-w&domain=pdf

www.nature.com/scientificreports/

A. Full agonist with linear
response (Clark equation)

Concentration dependency

B. Full agonist with linear C. Partial agonist with linear D. Full agonist with signal E. Biased agonism F. Partial agonist, signal amplif.,
response (Hill equation) response (.., equation) amplification (receptor reserve) (different responses) & constitutive activity

Concentration dependency Concentration dependency Concentration dependency Concentration dependency Concentration dependency

30 ) 0 59050 )

20~
Fractional occupancy () and response Uiy

Response vs Occupancy

Response vs Occupancy Response vs Occupancy Response vs Occupancy Response vs Occupancy Response vs Occupancy

~ S

= s = 50 = 50 = s = 50

50
oceun

100

o 50 100 0 50 100 0 50 100 o 50 100 o 50 100

Soccun Joccup Soccup Soccup Soccup

Figure 1. Relationship between fractional response (fresp = E/Epnay) and occupancy (foceup = [LRoceupl/ [LRax]) for
various increasingly complex assumptions (A-F) as shown by the titles on top and discussed in detail in the text.
Top row: receptor response (red) and occupancy (blue) as a function of ligand concentration on typical semilog
scales (fryp and focyp as a function of log C=log [L]). For the simplest cases (A-B), they overlap, and the red line
is not visible. Bottom row: corresponding response versus occupancy curves (f., as a function of f,,,). Note
that in some of the more complex cases, the fractional response can be both ahead and behind the fractional
occupancy even for the same compound (red and blue arrows indicating deviations from the unity line in E

and F). While these are simulated data, experimental data illustrating such cases are also available (see, e.g.,
references!!~'* and discussions in'>©).

combination)®?, (b) multiple responses assessed at different vantage points along a signaling pathway, (c)
responses that are different along distinct divergent downstream pathways originating from the same receptor
(biased agonism, functional selectivity), and (d) constitutive activity. A set of illustrative examples are included
in Fig. 1 showing the concentration-dependency of occupancy and response (top row) as well as the correspond-
ing response versus occupancy curves (bottom row). In cases D-F, the response curves (red) are left-shifted
compared to occupancy (blue) due to signal amplification; cases where they are right-shifted are less common
and are usually indications of an occupancy threshold issue (i.e., receptor concentration not being negligible
compared to that of the ligand)*°.

For the more complex cases (such as those in Fig. 1C-F), the well-known and straightforward Clark equation

(L]
E/Bpae = Jresp = L] + K, ey
and its Hill-type extension
(L]"
E/Emax ZfVESP = [L]n +K; (2)

cannot be used as they assume responses proportional with occupancy; hence, do not allow separation between
fractional response, fre,, = Ejpmar and occupancy, foccup = [LRoccupl/ [LR o] (Fig. 1A,B). They do not include para-
metrization for efficacy, only for occupancy via Ky, the classic equilibrium dissociation constant characterizing
receptor binding, which is defined in terms of the concentrations of the species involved (see Fig. 2, bottom row)
and hence measured in units of concentrations:

LR
47 LR

€)

In most of these more complex cases, one can use the more cumbersome operational (Black & Left) model
(Eq. 4)" or its variations for fitting response data because it has an additional efficacy type parameter (7):

(L]

(t + DIL] + Kp )

E/Em,u = fresp =

However, this model in its strict two-parameter version cannot connect response to occupancy because it
cannot incorporate experimental binding affinities since its K, parameter is a fitted one that is not related to
the experimental dissociation constant, K;. The discrepancy is especially serious for full or close to full ago-
nists, where 7 needs to have large values!®. Related to this, an important limitation of the operational model is
that most of the time, it is difficult to fit in a non-ambiguous manner, i.e., to obtain well-defined parameters. If
just functional data are available (i.e., a single concentration-response curve), only the so-called transduction
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Figure 2. The present SABRE receptor model in its most general full two-state form with Hill-type extension
(top) and its consecutively nested simplifications down to the Clark equation (bottom). For each case, the
corresponding quantitative form connecting fractional response (f,.,, = E/E,,,) to ligand concentration [L] is
shown at left and a schematic illustration of receptor binding and activation at right.
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coefficient (1/Kp) and not Kj, and 7 independently can be estimated precisely due to identifiability issues during
regression'®'’.

To overcome these limitations, we have recently introduced a quantitative receptor model (SABRE) that can
fit all these cases of increasing complexity with a unified equation using parameters for Signal Amplification (),
Binding affinity (Kj), and Receptor activation Efficacy (¢) (plus constitutive activity, &g, if needed)'>'®. Its most
general form that also includes a Hill coeficient (1), which will be derived here, is:

ey [L]" + eroy K}
(ey — &+ D[L]" + (eroy — €ro + DK}

E/Emax = (5)

As explicit incorporation of a signal amplification parameter is a main novelty, the model was designated
SABRE as highlighted by the capitalization above. Not only is SABRE using parameters that are more intuitive
and easier to interpret than those of the operational model or the del Castillo-Katz minimal two-state model,
but, contrary to those, it can fit both simple and complex cases with the same equation (Eq. 5) with differently
constrained parameters. It can be collapsed into consecutive simplified forms by fixing its parameters as special
values (Fig. 2), and these can and should be used on their own when adequate. By introducing independent
parametrization for the (post-receptor) signal amplification, SABRE allows a more clear conceptualization of
receptor signaling as separate processes of binding, activation, and signal transduction (amplification) that can
now be characterized and quantified via their own distinct parameters: Ky, ¢, and y, respectively (Fig. 2).

Here, receptor response data of increasing complexity were fitted with SABRE using different levels of param-
eter constraining to illustrate the advantage of a unified model that allows nested simplifications (Fig. 2). Main
details of model parametrization (including its Hill-type extension) are summarized in the Method section below
followed by illustrative fittings of simulated and experimental response versus occupancy data in the Results
section. These range from the simplest case, E,,,-type response only data, to complex multiple responses and
biased agonism examples.

Methods

Model concepts. The present model maintains the main assumptions of the two-state receptor theory, e.g.,
that ligand-bound (occupied) and active receptor states do not fully correspond but introduces a slightly differ-
ent and more intuitive parametrization—a detailed discussion is included in Ref.'°. Briefly, binding of the ligand
is assumed to alter the likelihood of activation: receptors can be active or inactive in both their ligand-free and
ligand-bound forms (Fig. 2, top right); however, the corresponding probabilities (i.e., times spent in the respec-
tive conformations) can be quite different. Hence, ligand-free (R) and ligand-bound (LR) states are considered
as an equilibrium ensemble of active (") and inactive conformations present: R=R" and LR=LR’, respectively
(not excluding the possibility that multiple, possibly overlapping active states might exist). In general, ligand-free
receptors are overwhelmingly in their inactive conformation, R. In cases where there is no constitutive activity,
they are entirely so. Binding of an agonist, which is governed by the affinity parameter K, shifts the equilib-
rium toward the active state. The ability of a bound ligand to do so is characterized by an (intrinsic) efficacy
parameter, €. For receptors with constitutive activity, a basal receptor efficacy, &g, is used to account for baseline
activation even in absence of a ligand. The signal (response) generated by the active receptor (R" or LR") can
be amplified downstream, and this is characterized by a pathway-specific gain parameter y. Hence, the model
uses four parameters: Ky, the equilibrium dissociation constant characterizing binding affinity; ¢, the efficacy
characterizing the ability of bound ligand to activate the receptor (0 <e<1); &g, a basal receptor efficacy charac-
terizing constitutive activity (0 <e&p,<1); and y, a gain (amplification) parameter characterizing the nonlinearity
of (post-activation) signal transduction (1<y). To accommodate responses that are more (or less) abrupt than
those corresponding to a straightforward law of mass action, an additional a Hill-coefficient parameter, 1, is
also introduced here. Corresponding equations, schematics, and all successive nested simplifications leading to
special cases are summarized in Fig. 2.

Parametrization. Occupancy (binding) parametrization, is achieved via a K, parameter similar to that of
the original simple definition (Eq. 3), but with some modifications. SABRE differentiates between active and
inactive receptor states (denoted by an asterisk, i.e., R" vs R and LR" vs LR), but considers ligand-bound and
ligand-free states as an ensemble of conformations, so that K represents an average binding constant for these
ensembles of active and inactive forms that the ligand effectively sees. Hence, K, is defined in terms of the overall
concentrations of occupied and unoccupied (ligand-free) receptors (Fig. 2A)

c - W [Ree]  [LI([R] + [R*])
d = =
[Roccup] ~ ([LR] + [LR*])

(6)

Accordingly, SABRE does not distinguish between binding affinities for the active and inactive states (as
done by other two-state models, e.g., Kj and Ky/a;'°). It uses a single, ensemble-averaged Kj that is a macro-
scopic equilibrium constant and, hence, experimentally measurable in equilibrium binding assays that assess
total binding to the receptor. While this deviates from the assumptions of other models, the validity of such a
single, experimentally measurable binding constant is nicely supported by previous works quantifying binding
via both static (Ky) and kinetic (k,g/k,,) methods in parallel with multiple downstream effects that found the
experimental binding constants derived by these two methods to be in very close agreement (e.g., for the M;
muscarinic receptor'? and for the p-opioid receptor®).
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Efficacy parametrization here is achieved via an ¢ parameter that represents the fraction of ligand-bound
receptors that are active'>'6:;

[LR*] [LR*]

®= LRl ~ LR+ [LR'] @

Hence, ¢ is a unitless parameter in the 0 to 1 range, and represents an intrinsic efficacy measured immediately
post-receptor. Note, however, that it is not an equilibrium constant such as K, = [LR]/[LR]). Constitutively active
receptors are incorporated into the formalism of SABRE via a baseline receptor efficacy (eg,) that is defined along
similar lines, but for ligand-free receptors (i.e., the fraction of ligand-free receptors that are active):

_ R R
Rir] ~ [RI+[R']

While ¢ is a ligand characteristic, €y, is a receptor characteristic. With these definitions, inverse agonists that
reduce the signaling output below that of the basal state will have ¢ < eg,. Full agonists have e =1; partial agonists
that generate a response but cannot reach the maximum one even at concentrations that saturate all receptor
sites have ey, < ¢ <1, and neutral antagonists have & = ey,

Finally, the present model explicitly incorporates pathway-specific signal transduction (amplification) via a
separate gain parameter y. Signal amplification has to be built into receptor models to account for cases where
almost maximal responses can be achieved at relatively small fractional occupancies, i.e., cases that were tradi-
tionally designated as having “receptor reserve” or “spare receptors”. In SABRE, the fraction of active receptors

(8)

SR()

[R*] + [LR*] [R*] + [LR] eroKy + ¢[L]

fact = (Reot] = [R] + [R*] + [LR] + [LR*] - [L] + K4 ®)

is linked to the fractional response, fye, = E/pmay Via a hyperbolic function. Such functions provide convenient
ways to incorporate signal amplification cascades and have been shown to exist in response vs occupancy data.
However, in SABRE not f,, itself, but its odds-ratio type transform

fact
A= 10
I~ fua (19
serves as input (see Ref.' for details):
A fact
Jrep = Blbpee = 3 = for (1)

With this definition, y represents a unitless amplification (gain) factor (y>1). After some transformations,
this results in the final form of the full four-parameter model linking fractional response, f,.,, = E/E ., to ligand
concentration [L]:

esp

ey (L] + eroy Ky
(ey — e+ D[L] + (sroy — ero + DKy

E/Bpex = (12)

For cases with no constitutive activity (ego=0; no active unbound receptor, R’), this reduces to the three-
parameter minimal two-state model previously introduced'® (third row of Fig. 2) and the simplified equation:

ey (L]
(ey —e+ 1D[L]+ Ky

E/Emux = (13)

A detailed derivation of these equations, including its generalization for a Hill-type extension, is included in
Supporting Information, Appendix 1. A better interpretation of these parameters can be gleaned from a slightly
rearranged form of this three-parameter equation, which corresponds to a case with Hill coefficient slope of
unity (n=1):

ey (L]
(ey —e+ 1D [L]+ ngﬂ)

E/Bax = (14)

From here, it is clear that half-maximal response (ECs,) is observed at K= Ky/(ey—€ + 1) and the maximum
(fractional) effect achievable by a given ligand i$ feq,max=€y/(€y-€+ 1). For full agonists at the receptor (e=1),
Kops = Kg/y; therefore, the gain y is a straightforward multiplication factor causing a left shift of the sigmoid
response function by y units on a semi-log scale. By explicitly separating the parametrization of pathway-specific
amplification (y) from that of ligand-specific receptor activation (¢), SABRE more clearly outlines than other

models the intrinsic efficacy concept, which proved to be somewhat elusive in pharmacology*"**.

Hill-type extension (cooperative binding).  Asa final step, a Hill-type parametrization can also be intro-
duced via a Hill slope, n, to allow either more (1> 1) or less (n < 1) abrupt concentration-dependent responses:
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(L]"

K i

E/Bpax =

This function, originally introduced by Hill based on empirical considerations®, provides a versatile math-
ematical function often used in pharmacological?**® and other applications®. It shows analogy with the logistic
function, one of the most widely used sigmoid functional forms, as it is equivalent with a logarithmic logis-
tic function, y = f(x) = R,/ (1 + fe™)?_ In fact, the classic sigmoid shapes obtained in typical semi-log scale
graphs (such as those shown in Fig. 1) are those of the logistic function. The IUPHAR recommendation is to
use “Hill equation” for the relationship between ligand concentration and effect (such as Eq. 15 here), whereas
“Hill-Langmuir equation” should be used for relationship between ligand concentration and occupancy?. Hill
slopes different from unity are typically indications of interacting binding sites with positive (#> 1) or negative
(n<1) cooperativity?®. The Clark equation (Eq. 1), as well as the analogous Michaelis-Menten equation, represent
a special case (n=1) of the Hill equation—a nice example of how more complex models can be collapsed into
simplified forms for special cases of their parameters.

Following a detailed derivation (see Supporting Information, Appendix 1), the Hill-type extension of the
general form of the present SABRE model that includes constitutive activity is a straightforward generalization
of Eq. 12 introducing the Hill-coefficients as exponents of the concentration terms:

ey [L]" + eroy K}

E max = 16
s = (e =& + DILT" + (erov — ero + DK} (16
In case of no constitutive activity, this simplifies to the Hill-type extension of Eq. 13:
eylL]”
E/Emax = (17)

(ey —e+ D[L]" + K}

Consecutive simplifications. An important feature of the present model is that, contrary to previous
quantitative receptor models such as those based on the operational model, its general form (Eq. 5) can be
reduced to consecutively nested simplified forms for special cases of its parameters (Fig. 2), and these can be
used on their own when adequate. Hence, the very same model can be used to fit data of various complexity
levels using different sets of constrained parameters. First, by setting n=1, it reproduces the simpler form of
SABRE as introduced before'®, just as setting n=1 in the Hill equation (Eq. 2 or 15) reproduces the Clark equa-
tion (Eq. 1) as its simpler form.

ey[L]' + eroy K B ey[L] + eroy Ky
(ey — e+ DIL]' + (epoy — ero + DK} (¥ — &+ DIL] + (eroy — ero + DKy

E/Bpar = (18)

The way the Hill equation can be reduced to the Clark equation by constraining one of its parameters to a
special value (n=1) has been a long-known example in quantitative pharmacology. With SABRE, one can do
the same and more, as one can continue with multiple consecutive simplifications of its parameters. Cases with

no constitutive activity (no R" form) can be obtained by constraining &g, to 0 leading to the three-parameter
minimal two-state SABRE model that was the first form introduced'*:

ey[L] + 0y Ky _ ey[L]
(ey —e+ DL+ Oy —0+DK,;  (ey —e+ D[L] +Ky

E/Emax = (19)

Further, if there is no amplification (or if it cannot be reliably evaluated due to lack of independently assessed
occupancy/binding data), y should be constrained to 1, and the model collapses further into the simple two-
parameter E_, model of partial agonism (Fig. 2):

el[L] el
(el—e+D[L]+K;  [L]+Ky

E/E. = (20)
Finally, if there is no partial agonism (i.e., all occupied receptors are active), ¢ can be constrained to 1, and
this leads to the simple one-parameter Clark equation (Fig. 2, bottom row):

1[L]

/Emax = <K, (21)

Regarding these consecutively nested simplified forms, it is important to always use the simplest one (i.e., the
one with the largest number of fixed parameters) that still provides adequate fit to limit the number of adjustable
parameters®~32. Adequate fitting requires the availability of 5-10 (well-distributed) data points for each adjustable
parameter>***%; hence, reliable fitting of the full model can only be accomplished if sufficiently large number of
data points are available. Because of its separate amplification parameter, SABRE uses one more parameter than
the operational model, e.g., three (Kj, €, y) versus two (Kj, 7) for the case of no constitutive activity (Eq. 19 vs. 4)
or four (K, &, , &g Eq. 18) versus three (e.g., Ky, €, x; Eq. 22) for cases with constitutive activity—if comparing
with the Slack and Hall version of the extended operational model shown below*-*":
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x(Kp + e[L]) R
(Kp + [L]) + x(Kp + e[L])’ K.

E/EWILIX = (22)

However, the need for one extra parameter is more than compensated for by (1) the more intuitive nature of
the present parameters (due to their more clear connection to receptor binding, activation efficacy, and signal
amplification), and (2) the ability to use simplified forms with constrained parameters so that fewer need fitting.
Contrary to the operational model and its variations, SABRE can be reduced to simplified forms for special cases
of its parameters, and these can and should be used on their own when adequate or when there are not enough
data to support full parametrization.

Implementation and data fitting. All data are normalized and have no baseline (i.e., in the 0-100%
range). Data fittings were performed in GraphPad Prism (GraphPad, La Jolla, CA, USA, RRID:SCR_002798).
Fitting with the present model were done with a custom implementation corresponding to the general Eq. 5,
which is available for download (Supporting Information) and with parameters constrained as indicated for each
case. Simulated data were generated with the same model in Prism using the “Simulate XY data” algorithm with
5% random error). Experimental data used for illustrations of model fit are reproduced from previous publica-
tions as indicated in the corresponding figures.

Results and discussion

In systems with signal amplification, ligands of different efficacies (e.g., full, partial, and possibly inverse agonist)
can produce complex concentration-response functions leading to complicated connections between fractional
response (fi,,) and occupancy (focup) (Fig. 1) that can be fit only by multi-parameter models. So far, no single
quantitative receptor model could fit simple as well as complex cases within a unified framework. Here, it is
shown how this can be done with the present model, which allows consecutive nested simplifications, using a
set of examples of increasing complexity. Simulated as well as experimental data were fitted with the same gen-
eral equation (Eq. 5), but with different levels of parameter constraining. To avoid excessive parametrization,
all cases assume n =1, i.e., no Hill-type extension (except for one specific illustration in Fig. 4), as well as &z =0
(no constitutive activity).

Response only data (E,,,., model with possible Hill-type extension). As the simplest first case, let
us consider the fitting of plain response data to determine ECs, (K,) values for agonists of different potencies in
a given assay system. ECy, is the half-maximal (or median) effective concentration (or dose, EDs,), which is the
concentration (dose) of an agonist that produces 50% of the maximum possible activity of that agonist”’. Such
EC,, determinations are routinely done in pharmacology using either the one-parameter Clark equation (if only
full agonists are present) or the two-parameter E,,, equation (if partial agonists are also present). These models
are widely used, familiar to those performing such nonlinear regression-based fit, and implemented in a variety
of software packages, e.g., “log(agonist) vs. normalized response” and “log(agonist) vs. response (three param-
eters)” models in GraphPad Prism. The same fit can be obtained with SABRE (Eq. 5) by constraining all but one
(Ky) or two (K, €) of its parameters. An illustrative example using simulated data for three different hypothetical
agonists is shown in Fig. 3. Fit with SABRE reproduced perfectly both the log K, values (which here correspond
to log ECys; — 6, — 7, and — 8) and maximum fractional response (efficacy) values (100%, 90%, and 60%) used to
generate the data. To have realistic data with some scatter, a 5% random error was allowed. Hence by restricting
its parameters, SABRE can be reduced to reproduce simpler forms that can be used on their own, something that
cannot be done with models based on the operational model.

If response data are either more or less abrupt than predicted by the standard law of mass action (unity Hill
slope, n=1), the Hill coefficient of Eq. 5 also needs to be released resulting in three-parameter fit (K, €, n). An
illustration of this is shown in Fig. 4 with data generated as in Fig. 3 but with Hill slopes of 2.0 and 0.66. In most
cases, n should be constrained to the same value for all compounds assessed in the same assay; here, this was
not done to illustrate the effect of both n>1and n< 1.

Connecting response to independently measured occupancy data. Next, as a more complex case,
let us consider fitting of the same type of response data (ECs,), but with integration of occupancy (K,) data
obtained from a different, independent assay in the same system. As an example, the same simulated response
data as above was used (Fig. 3; log ECss of — 6, — 7, and — 8), but with an additional set of Kys (logKys of —
5.2, — 6.6, and — 6.7). Fit with SABRE can be considered consistent if adequate fit can be obtained with all Kgs
restricted to their experimental value and a single amplification parameter y characterizing the system (path-
way) as a whole. The corresponding fit for the present data is shown in Fig. 5A. Very good fit could be obtained
with only four adjustable parameters (3e+1y):>98% of variability could be accounted for with a well-defined
gain parameter: r*=0.984, y=21.1+4.7. While this was done here with simulated data customized to illustrate
such fit, examples of experimental data that can be fit with SABRE using a unified amplification parameter are
also available. For example, contraction of isolated rat aorta data obtained for imidazoline type a-adrenoceptor
agonists'!, which are used as textbook illustration for possible mismatch between f,,, and f,.,,**, could be fitted
very well with SABRE with the assumption of a single gain (amplification) parameter for data from five com-
pounds (y=11.9+2.0; 7 =0.996; see Fig. 9 and Table S1 in Ref. '°).

Further, within the framework of SABRE one can not only fit such concentration-dependency data (Fig. 5A),
but also directly link fractional response, f,.» to fractional occupancy, foc.u,'® (Fig. 5B). By using f,.,, to replace
[L] (see Supporting Information, Appendix 1),
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Figure 3. Fit of response only (ECy,) data (full and partial agonists) with the present SABRE model. Simulated
data (symbols) for three different compounds were generated in GraphPad Prism (“Simulate XY data” algorithm
with 5% random error) and then fitted with SABRE (lines) using the constrained version as shown (Eq. 5; &g, =0,
y=1,n=1). This is equivalent with fit with the E,,,, model, e.g., the widely used “log(agonist) vs. response (three
parameters)” model, and results in exactly the same parameters (assuming a 0 baseline).

Soceup = [LROCEMP] = [L] — [L] = K4 4faccup (23)
7 [LRmax] (L] + K4 (1 _faccup)
one gets the corresponding function that can be used for direct fitting:
€ nyCCUP Y foccup
Jresp = (24)

S(V - l)foccup +1 B Y — 1fgccup + Tl—l)

Typically, binding data are used to generate K, estimates (usually via a Cheng-Prusoff correction®). If these
Kgs are then used to calculate occupancy (fo.p) at the [L] values were response data (f.,,) are available, fit with
the above equation provides the same parameters as obtained from direct fit of the concentration-response data.
lustration for the present data is provided in Fig. 5B. While models based on the two-parameter operational
model (Eq. 4) can be used to fit the response data (with some known problems fitting full and close to full ago-
nists), they have difficulties connecting the response to independently determined binding data (K;) as done
here with SABRE. One exception is a three-parameter “special edition” extension of the operational model “with
given K, values” introduced by Rajagopal and Onaran for bias quantification that uses experimental K4 values
as its Kp'*. In this model, Kps are not fitted, but replaced with experimental ones to constrain the regression.
To achieve this, an additional scaling factor « (r,,,,,) needs to be introduced in Eq. 4 to allow a scalable E,,:

T[L]

“C T DI+ Ko (25)

E/Emux = ﬁ'eSP =

The three parameters of this model, however, can be linked directly to those of the present model (see Sup-

porting Information, Appendix 2) so that parameters obtained from fitting SABRE can be used to derive those
of this model (K, &, y— Kp, 7, ®):
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Figure 4. Fit of response only (ECs,) data for cases with non-unity Hill slopes. Simulated data (symbols)
generated as before (Fig. 3) but with n# 1 and then fitted with SABRE (lines) using the constrained version as
shown (Eq. 5; &gy =0, y=1). To illustrate the effect of releasing #, fit with constrained unity slopes are also shown
(n=1, dashed lines)—note that fit is considerably improved, but ECys are essentially unaffected.

4
Kp=Kg t=¢(y —1); a = —— (26)
y—1
Conversely, the parameters of this “special edition” operational model can be transformed into those of
SABRE using (Appendix 2):

Ki=Kpi e=t(@—1); y=—— 27)
a—1

This highlights again an important advantage of the present model, namely that it clearly separates the ability
of the ligand to activate the receptor (¢) from the pathway-specific (post-receptor) signal amplification (y), while
these two are intermixed in the 7 “transducer ratio” (“coupling efficiency”) parameter of the operational model
and its different variants [i.e., T=¢(y-1) here; Eq. 26]. Hence, from the perspective of the present framework, the
7 parameter of the operational model mixes together ligand- and pathway-specific effects separated into ¢ and y
here (see Appendix 2). Note also that this “special edition” operational model (Eq. 25) is somewhat unusual as

it formally allows an E,, larger than 100% by having a=y/(y-1) > 1.

Responses assessed at different vantage points. Next, let us consider the case of multiple responses
measured at different downstream vantage points along the same pathway. This is of particular relevance for
G-protein coupled receptors (GPCRs), known to involve signaling cascades with multiple second messengers. A
set of such data generated within the framework of the present assumptions is shown in Fig. 6; they were chosen
so as to illustrate a possible nonintuitive case (shift in the order of potencies) resulting from the intermingling of
the effects caused by different efficacies at the receptor on one hand and increasing downstream signal amplifica-
tion on the other. Simulated responses were generated for three hypothetical compounds of different affinities
(log Ky of — 6, — 7, and — 5) and efficacies (e of 0.5, 0.1, and 1.0) at three consecutive readout points of increasing
amplifications (y of 1, 20, and 500). At all three points, responses are shown as a function of both concentration
(fresp V8 log C) and occupancy (freqp VS foceup) (Fig. 6). Despite the unusual nature of the data, SABRE can provide
integrative fit with a unified set of parameters (npz 9; 2% 3 for the binding affinities and efficacies of the three
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Figure 5. Fit of independently measured response (ECs,) and occupancy (K;) data with the present SABRE
model. (A) Concentration-response data that are the same as in Fig. 3, but were fitted here with incorporation
of an additional set of Kys. The corresponding parameters were restricted as shown (log Kys of — 6.7, — 6.6, and
- 5.2; indicated on the x axis), and only one y and three es were fitted (1,=4). (B) Direct fit of corresponding
response versus occupancy data. Same data as A, but fitting done directly with Eq. 23 linking f,es, t0 foccup: If foccup
is calculated from Kj, the exact same parameters are obtained in B as from fit of the concentration-response
data in A.
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Figure 6. Multiple response data at different vantage points generated within the framework of the present
SABRE model. Simulated data (symbols) for three different compounds were generated with the parameter
values as shown (three compounds with log Kys of — 6, — 7, and — 5 and &s of 0.5, 0.1, and 1.0 at three different
readouts with ys of 1, 20, and 500) and 5% random error; lines indicate corresponding model fits obtained with
SABRE using a unified set of parameters (1,=9). Responses at the three different readout levels are shown as a
function of both concentration (f,, vs log C; middle column) and occupancy (fies, VS foccups rightmost column).
Data were chosen so as to illustrate a possible nonintuitive shift in the order of potencies that can result from
the strong downstream amplification of the response caused by a weak agonist: compound 2 (red; e=0.1) that
generates the weakest response right after the receptor (assay 1, top) becomes the most potent one in assay 3
(bottom).

agonists plus 3 for the amplifications of the three readout assays), not conceivable with operational model-based
approaches that could only provide separate sets of Kps and s for each individual response (i.e., n,=18; 2x3
parameters of the three agonists for each of the 3 readout assays).

A further illustration is provided by fitting of a set of experimental data obtained from such consecutive
responses (Fig. 7). They were measured at two consecutive vantage points after M; muscarinic receptor activation
by agonists such as carbachol, oxotremorine, oxotremorine-M, and methacholine: the stimulation of GTP bind-
ing to Ga subunits and the subsequent increase in intracellular calcium levels'?. Receptor occupancy estimates
are from log K values obtained from equilibrium competition experiments with N-methyl-[*H]scopolamine in
the same work'2. Unified fit of ny="72 data points for both responses from four compounds using SABRE with a
single set of ¢ efficacies (one for each compound) and two gain parameters y (one for each response) as adjust-
able parameters (n,=6) resulted in reasonable amplifications estimates (y of 2.31+0.42 and 10,243 + 1,351 for
the GTP and Ca readouts, respectively) and good overall fit (accounting for 97.8% of the variability in the data,
r»=0.978) (Fig. 7). Because of a very strong (~ 10,000-fold) amplification in the second (Ca response) pathway,
efficacy estimates are mainly defined by the first (GTP binding) response—obtained values and standard errors
are summarized in Fig. 7. Such fittings can be considered consistent only if the unified single set of efficacies can
provide acceptable fit at all the response levels considered for each compound including a full agonist. Neverthe-
less, unlike any other previous model, SABRE has the potential to connect response data assessed at different
vantage points k (E/E, .,,) to affinities (log K,) and intrinsic efficacies (¢) for multiple compounds as long as
reasonable overall fit can be obtained with unified gain parameters (yy).

Biased agonism. Finally, let us consider the application of the present model for quantification of biased
agonism. It has been recognized since at least the 1990s that some receptors can engage multiple downstream
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Figure 7. Fit of experimental response data obtained at different readout points with the present SABRE
model. Data are for four muscarinic agonists with two different responses measured after M; receptor activation
(stimulation of GTP binding to Ga subunits /darker symbols/ and subsequent increase in intracellular Ca levels
/lighter symbols/) and binding constants measured in equilibrium competition experiments with N-methyl-
[*H]scopolamine (data after'?). Experimental data are for carbachol (Cpd1, blue), oxotremorine-M (Cpd2, red),
oxotremorine (Cpd3, green), and methacholine (Cpd4, purple). Fitting of ny=72 total data points with SABRE
(lines) was done using the experimental K values (indicated on the x axis) and optimizing only n,=6 adjustable

parameters: two ys (one for each pathway) and four es (one for each test compound) as shown.

signaling pathways simultaneously and activate them differentially in different tissues (e.g.,*"*?). For such recep-
tors, and in particular for GPCRs known to couple to several G proteins as well as B-arrestins, it is conceivable
that certain ligands can show differences in their ability to activate these pathways—a phenomenon designated
as biased agonism (stimulus bias, functional selectivity, or ligand directed signaling)?>**#*->2. For this to exist,
there have to be (1) different active states of the receptor (i.e., R', R?, etc.) that can preferentially initiate distinct
downstream signals, (2) coupling proteins that differentially recognize these different active receptor states (e.g.,
G proteins, GPCR kinases, and p-arrestins), and (3) agonists capable to differentially stabilize these active states.
Structural evidence is beginning to accumulate in support of this>.

An illustration of such data generated within the framework of the present assumptions for two divergent
pathways involving different signal amplifications and three hypothetical compounds of different efficacies is
shown in Fig. 8. Corresponding data are shown as typical concentration-response curves (f,.,, vs log C), response
versus occupancy ones (fres, Vs foceup)> and a typical bias plot used in such cases (i.e., relative response plot of f,,;
VS fresp2****). Data were generated for two different pathways (P, P,) originating from the same receptor, but
having different amplifications (yp, =4 and yp, =20) and three hypothetical compounds having different affinities
(log Kys of — 6, — 7, and — 5) and efficacies . Two compounds (1 and 3) had the same efficacy for both pathways
(e1,p1=€1p,=0.5 and &3 p; = &3 p, = 1.0), while one (2) had a higher efficacy for pathway 1 (&,,=0.5, &,p,=0.1)
generating a biased response as most evident in the bias plot of Fig. 8 (bottom row, center).

Because of the intermix of effects related to binding, receptor activation, and signal amplification, quan-
tifying signaling bias is difficult, and it may not be achievable in many cases'*®. Current bias quantification
methods typically rely on calculating AAlog(7/Kp) or AAlog(E,...,/ECs,) versus a selected reference compound,
e.g., a logarithmic bias factor is obtained as (108(Epaxp1,./ECs0,p1,1)~108(Emax p2,1./ECs02,1)) = ((108(Emax p1,Lre/
ECis0.p1.ret) ~108(Emmax p2.re/ ECs0p2.1er)) ¥ This originated, in fact, from the concept of ratio of equiactive molar
ratios, later termed intrinsic relative activity (RA;) introduced by Ehlert and co-workers, which is the ratio of
/Ky, fractions with the operational model and becomes that of E, . /ECss for a Hill slope of 1, i.e., (E;,,,1/ECsq1)
! (Enmax re/ ECs0.1re£)*®” . Because SABRE explicitly separates pathway amplification from ligand efficacy, it might
allow a conceptually different approach, as discussed briefly before'®. If data can be fitted with sufficiently well-
defined gain parameters (yp;, one for each pathway P;), then pathway-specific differences in amplification can
be separated from those in ligand-specific efficacies, and these es can serve as cleaner indicators of bias, possibly
even without predefined reference agonists. If receptor occupancy (K,) data are available, and SABRE can fit the
data for each pathway adequately, one can calculate ligand efficacies for each pathway separately and compare
them for indication of bias. If fitting can be done so that full or close to full agonists (¢ =1) are identified for each
pathway, ligands that have efficacy ratios (ep/ep) significantly different from 1 can be considered as being biased
agonists. Otherwise, ey products need to be compared. There are methods to estimate efficacies with two-state
models®8; nevertheless, because SABRE is the first model that explicitly uses separate parameters for efficacy (&)
and amplification (y), it can untangle these connections in a manner not possible either with direct empirical
comparisons (e.g., E,,,/ECs,) or with fitting of previous models, which intermingled these two effects within
the same parameter (e.g., 7, y).

To illustrate the process of bias detection with the present model, fit was done on recent experimental data
obtained at the angiotensin II type 1 receptor (AT1R): two responses (Gq-mediated inositol monophosphate
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Figure 8. Illustration of biased agonism with response data for two different downstream pathways originating
from the same receptor (A) generated with the assumption of the present SABRE model. Simulated data
(symbols) for three hypothetical compounds were generated as before (Fig. 6) using the parameter values shown
(CpdTst2 having two different efficacies ¢ for pathways P, and P, as highlighted in yellow; see text for details).
Data for two pathways involving different signal amplifications (yp, =4 left and yp, =20 right) are shown as
classic semi-log concentration-response curves (f,s, vs log C; B1, B2), fractional response versus occupancy
curves (fregp V8 foceups C1, €2), and a bias plot (fresp1 VS frespos D).

increases and B-arrestin2 endocytosis) generated with three agonists (angiotensin II, TRV023, and TRV026).
Occupancies were calculated from experimental Ky values measured in the same work in equilibrium competi-
tion radioligand binding assays with [*H]-olmesartan. Fitting of n4=3 x (7 + 8) =45 total data points could be
done with only n,=8 adjustable parameters (two y gain parameters, one for each pathway, and six ¢ efficacy
parameters, two for each of the three test compounds). Note that currently, such simultaneous fit with the Prism
implementation of SABRE is limited to eight data sets (i.e., two pathways and four compounds). It resulted
in good fit (r*=0.983) with consistent and well-defined gain parameters for both pathways (yp; =6.33 +2.01
and yp,=9.80£3.97). Obtained efficacies (Fig. 9) indicate angiotensin II (AngII, Cpd1) as a balanced full ago-
nists (¢, p; =€, p, = 1.0), but TRV026 and TRV023 as strong B-arrestin biased partial agonists that have signifi-
cantly different efficacies for the two pathways (&, p;=0.165+0.048, &, ,=0.013 £ 0.007; &5 p; =0.276 £0.075,
£3p,=0.017£0.008). These indicate about 15-fold differences in efficacies (12.6 £7.2 and 16.5+9.2 for TRV026
and TRV 023, respectively), a bit less, but in general overall agreement with the approximately 100-fold bias
suggested by the bias factors calculated in the original work from AA(E,,,,./ECs)**. Because both activities were
measured at the same ligand concentrations, a bias plot showing one response as a function of the other could
also be constructed here easily, it is shown together with other graphs comparing fractional responses and
occupancies in Fig. 9.

If binding data are lacking (no experimental Kgs), which is the case for most biased agonism studies published
so far, one can still use the present approach, but with fitted Kys. This should be done by enforcing a single unified
K, for each ligand to minimize the number of adjustable parameters 7, Nevertheless, even with this restric-
tion, due to the more limited amount and nature of data, it typically becomes difficult to obtain well-defined
parameters and a clear bias quantification. For example, for the data of Fig. 9, the fitting becomes ambiguous and
none of the amplification or efficacy parameters can be obtained with well-defined values. The efficacy ratios for
TRV026 and TRV023 remain about the same as before, but the standard errors are much wider than the values
themselves (13.9£15,285 and 17.6 £ 19,365). This is not surprising as the number of data points per adjustable
parameters, n4/n,, here is only 4.1 (45/11) compared to 5.6 (45/8) before, which was much closer to the desired
range of 5-10 needed for adequate fitting>****. Accordingly, to improve the quantitative assessment of multiple
responses and biased agonism, it is suggested to include experimental assessment of binding in the same system
where response is measured whenever possible.

Finally, if needed, within the framework of SABRE one can directly fit bias plot*+** (i.e., relative response)
data that show one response as a function of another at the same ligand concentration (e.g., Figs. 8D and 9E).
The function directly connecting fractional responses f,,p; and f,p, generated along different pathways P at
the same ligand concentrations [L] (hence, at the same f,.,,) can be expressed as'e:
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Figure 9. Fit of experimental response data obtained from divergent pathways with the present SABRE

model. Data are for two responses measured along different downstream pathways (Gq-mediated inositol
monophosphate increases and p-arrestin2 endocytosis) at the angiotensin II type 1 receptor (AT1R) (data after
53). Experimental data are for three agonists (angiotensin II, Cpdl, blue), TRV023 (Cpd2, red), and TRV026
(Cpd3, green) as indicated. (A) Fractional response versus log concentration data shown in a single composite
graph. Fitting of ny=45 total data points with SABRE was done using the experimental K, values and optimizing
only n,=8 adjustable parameters (2 ys+3x2 ¢s) as shown. (B) Same response versus log concentration data,

but shown in two separate graphs, one for each response. (C) Fractional occupancy versus log concentration
data. The concentration dependency shown was calculated from the experimental K values with standard
Hill-Langmuir equation. (D) Fractional response vs occupancy data. Same data as in A, just shown as a function
of calculated fractional receptor occupancy, not log concentration. (E) Bias (relative response) plot showing

one fractional response as a function of the other. Compound 1 (Angll) is a balanced (nonbiased) agonist, the
curvature is due to the slightly different amplifications for the two responses. Cpd2 and 3 are significantly biased
and they elicit a stronger response along pathway 1 (B-arrestin) than pathway 2 (Gq).
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£P2YP2fresp,P1
ep1yp1 + [epa(yp2 — 1) — ep1(¥p1 — D)1 fresp,p1

fresp,PZ = (28)

Accordingly, pathways that have different amplifications (yp, # yp,) lead to relative response plots that are
curvilinear even for balanced ligands L, that do not show bias (i.e., &;p, = &;p,):

VPZfresp,Pl _ VP2 fresp,Pl
(vp2 — v frespp1 +vP1 (¥P2 — ¥P1) frespp1 + (my%

fresp,Pz = (29)

While Kgs are not needed for this type of comparison, quantitative fitting (Eq. 28) is likely to be ambiguous
due to lack of sufficient data points per adjustable parameter. For example, for the case shown in Fig. 9, ny/n, is
only 21/8=2.6 resulting in very badly defined e ratios. Nevertheless, bias plots can still be useful as they might
allow identification of differences among ligands that are less evident in concentration-response or response vs
occupancy plots (e.g., Fig. 8). However, both responses might be difficult to obtain at the same ligand concentra-
tion [L] and strong curvatures might confound assessments, especially in cases where pathways have considerably
different amplifications.

Conclusion

In conclusion, SABRE is a general two-state ensemble receptor model incorporating a corresponding quantita-
tive form that can fit complex fractional response versus occupancy data. Contrary to previous models, it not
only has more intuitive parameters that can be related directly to binding affinity (Kj), activation efficacy (¢),
and signal amplification/gain (y), but it can incorporate experimental K, values. Notably, it provides a unified
framework to fit both complex and simple receptor data, as by constraining its parameters, the general equation
(Eq. 5) can be converted into consecutively nested simplified models all the way down to the one-parameter
Clark equation (Fig. 2).

Data availability

Data used for illustrations of model fit are either simulated data generated as described or reproduced from
previous publications as indicated in the corresponding figures. The datasets generated and/or analyzed and a
GraphPad Prism file with the implementation of the model discussed here are available from the corresponding
author upon reasonable requests.

Received: 23 April 2020; Accepted: 27 July 2020
Published online: 07 August 2020

REFERENCES

1. Rang, H. P. The receptor concept: pharmacology’s big idea. Br. J. Pharmacol. 147, S9-S16 (2006).

2. Maehle, A.-H., Priill, C.-R. & Halliwell, R. E The emergence of the drug receptor theory. Nat. Rev. Drug Discov. 1, 637-641 (2002).

3. Jenkinson, D. H. Classical approaches to the study of drug-receptor interactions. In Textbook of Receptor Pharmacology (eds Fore-
man, J. C. et al.) 3-78 (CRC Press, Boca Raton, 2010).

4. Ehlert, E. J. Affinity and Efficacy: The Components of Drug-Receptor Interactions (World Scientific, Singapore, 2015).

5. Kenakin, T. P. A Pharmacology Primer: Techniques for More Effective and Strategic Drug Discovery 5th edn. (Academic Press,
London, 2018).

6. US Department of Health and Human Services, Food and Drug Administration, Center for Drug Evaluation and Research (CDER).
Guidance for Industry. Exposure-Response Relationships—Study Design, Data Analysis, and Regulatory Applications (Rockville, MD,
2003).

7. Furchgott, R. F. The use of B-haloalkylamines in the differentiation of receptors and in the determination of dissociation constants
of receptor-agonist complexes. Adv. Drug Res. 3, 21-55 (1966).

8. Ariéns, E. J. Affinity and intrinsic activity in the theory of competitive inhibition. I. Problems and theory. Arch. Int. Pharmacodyn.
Ther. 99, 32-49 (1954).

9. Stephenson, R. P. A modification of receptor theory. Br. J. Pharmacol. 11, 379-393 (1956).

10. Rovati, G. E. & Capra, V. Drug-receptor interactions: quantitative and qualitative aspects. In General and Molecular Pharmacology
Principles of Drug Action (eds Clementi, F. & Fumagalli, G.) 93-108 (Wiley, Hoboken, 2015).

11. Ruffolo, R. R.Jr., Rosing, E. L. & Waddell, J. E. Receptor interactions of imidazolines. I. Affinity and efficacy for alpha adrenergic
receptors in rat aorta. J. Pharmacol. Exp. Ther. 209, 429-436 (1979).

12. Sykes, D. A., Dowling, M. R. & Charlton, S. J. Exploring the mechanism of agonist efficacy: a relationship between efficacy and
agonist dissociation rate at the muscarinic M3 receptor. Mol. Pharmacol. 76, 543-551 (2009).

13. Meller, E., Bohmaker, K., Namba, Y., Friedhoff, A. J. & Goldstein, M. Relationship between receptor occupancy and response at
striatal dopamine autoreceptors. Mol. Pharmacol. 31, 592-598 (1987).

14. Hothersall, J. D. et al. Residues W320 and Y328 within the binding site of the p-opioid receptor influence opiate ligand bias.
Neuropharmacology 118, 46-58 (2017).

15. Buchwald, P. A three-parameter two-state model of receptor function that incorporates affinity, efficacy, and signal amplification.
Pharmacol. Res. Perspect. 5, €00311. https://doi.org/10.1002/prp2.311 (2017).

16. Buchwald, P. A receptor model with binding affinity, activation efficacy, and signal amplification parameters for complex fractional
response versus occupancy data. Front. Pharmacol. 10, 605. https://doi.org/10.3389/fphar.2019.00605 (2019).

17. Black, J. W. & Leff, J. Operational models of pharmacological agonism. Proc. Roy. Soc. Lond. B Biol. Sci. 220, 141-162 (1983).

18. Zhu, X,, Finlay, D. B., Glass, M. & Duffull, S. B. An evaluation of the operational model when applied to quantify functional
selectivity. Br. J. Pharmacol. 175, 1654-1668 (2018).

19. Onaran, H. O. et al. Systematic errors in detecting biased agonism: analysis of current methods and development of a new model-
free approach. Sci. Rep. 7, 44247. https://doi.org/10.1038/srep44247 (2017).

20. Pedersen, M. F. et al. Biased agonism of clinically approved mu-opioid receptor agonists and TRV130 is not controlled by binding
and signaling kinetics. Neuropharmacology 166, 107718. https://doi.org/10.1016/j.neuropharm.2019.107718 (2019).

21. Clarke, W. P. & Bond, R. A. The elusive nature of intrinsic efficacy. Trends Pharmacol. Sci. 19, 270-276 (1998).

SCIENTIFIC REPORTS |

(2020) 10:13386 | https://doi.org/10.1038/s41598-020-70220-w


https://doi.org/10.1002/prp2.311
https://doi.org/10.3389/fphar.2019.00605
https://doi.org/10.1038/srep44247
https://doi.org/10.1016/j.neuropharm.2019.107718

www.nature.com/scientificreports/

22.

Urban, J. D. et al. Functional selectivity and classical concepts of quantitative pharmacology. J. Pharmacol. Exp. Ther. 320, 1-13
(2007).

23. Hill, A. V. The possible effects of the aggregation of the molecules of haemoglobin on its dissociation curves. J. Physiol. 40, iv—vii
(1910).

24. Goutelle, S. et al. The Hill equation: a review of its capabilities in pharmacological modelling. Fundam. Clin. Pharmacol. 22, 633-648
(2008).

25. Gesztelyi, R. et al. The Hill equation and the origin of quantitative pharmacology. Arch. Hist. Exact Sci. 66, 427-438 (2012).

26. Buchwald, P. A local glucose-and oxygen concentration-based insulin secretion model for pancreatic islets. Theor. Biol. Med. Model.
8, 20. https://doi.org/10.1186/1742-4682-8-20 (2011).

27. Neubig, R. R. et al. International union of pharmacology committee on receptor nomenclature and drug classification. XXXVIIL
Update on terms and symbols in quantitative pharmacology. Pharmacol. Rev. 55, 597-606 (2003).

28. Weiss, J. N. The Hill equation revisited: uses and misuses. FASEB J. 11, 835-841 (1997).

29. Myung, J. I. & Pitt, M. A. Model comparison methods. Methods Enzymol. 383, 351-366 (2004).

30. Buchwald, P. A general bilinear model to describe growth or decline time-profiles. Math. Biosci. 205, 108-136 (2007).

31. Buchwald, P. General linearized biexponential model for QSAR data showing bilinear-type distribution. J. Pharm. Sci. 94, 2355—
2379 (2005).

32. George, E. L. The variable selection problem. J. Am. Statist. Assoc. 95, 1304-1308 (2000).

33. Knofczynski, G. T. & Mundfrom, D. Sample sizes when using multiple linear regression for prediction. Ed. Psychol. Measur. 68,
431-442 (2008).

34. Austin, P. C. & Steyerberg, E. W. The number of subjects per variable required in linear regression analyses. J. Clin. Epidemiol. 68,
627-636 (2015).

35. Slack, R. J. & Hall, D. A. Development of operational models of receptor activation including constitutive receptor activity and
their use to determine the efficacy of the chemokine CCL17 at the CC chemokine receptor CCR4. Br. J. Pharmacol. 166, 1774-1792
(2012).

36. Hall, D. A. & Giraldo, J. A method for the quantification of biased signalling at constitutively active receptors. Br. J. Pharmacol.
175, 2046-2062 (2018).

37. Zhou, B, Hall, D. A. & Giraldo, J. Can adding constitutive receptor activity redefine biased signaling quantification?. Trends
Pharmacol. Sci. 40, 156-160 (2019).

38. Rang, H. P, Ritter, J. M., Flower, R. ]. & Henderson, G. Rang and Dale’s Pharmacology 8th edn. (Elsevier, Amsterdam, 2015).

39. Cheng, Y. & Prusoff, W. H. Relationship between the inhibition constant (K;) and the concentration of inhibitor which causes 50
per cent inhibition (I5,) of an enzymatic reaction. Biochem. Pharmacol. 22, 3099-3108 (1973).

40. Rajagopal, S. et al. Quantifying ligand bias at seven-transmembrane receptors. Mol. Pharmacol. 80, 367-377 (2011).

41. Roth, B. L. & Chuang, D. M. Multiple mechanisms of serotonergic signal transduction. Life Sci. 41, 1051-1064 (1987).

42. Offermanns, S. et al. Transfected muscarinic acetylcholine receptors selectively couple to Gi-type G proteins and Gq/11. Mol.
Pharmacol. 45, 890-898 (1994).

43. Kenakin, T. Agonist-receptor efficacy. II. Agonist trafficking of receptor signals. Trends Pharmacol. Sci. 16, 232-238 (1995).

44. Kenakin, T. & Christopoulos, A. Signalling bias in new drug discovery: detection, quantification and therapeutic impact. Nat. Rev.
Drug Discov. 12, 205-216 (2013).

45. Shonberg, J. et al. Biased agonism at G protein-coupled receptors: the promise and the challenges: a medicinal chemistry perspec-
tive. Med. Res. Rev. 34, 1286-1330 (2014).

46. Luttrell, L. M. Minireview: more than just a hammer: ligand “bias” and pharmaceutical discovery. Mol. Endocrinol. 28, 281-294
(2014).

47. Stahl, E. L., Zhou, L., Ehlert, F. ]. & Bohn, L. M. A novel method for analyzing extremely biased agonism at G protein-coupled
receptors. Mol. Pharmacol. 87, 866-877 (2015).

48. Smith, J. S., Lefkowitz, R. J. & Rajagopal, S. Biased signalling: from simple switches to allosteric microprocessors. Nat. Rev. Drug
Discov. 17, 243-260 (2018).

49. Michel, M. C. & Charlton, S. J. Biased agonism in drug discovery - is it too soon to choose a path?. Mol. Pharmacol. 93, 259-265
(2018).

50. Wootten, D., Christopoulos, A., Marti-Solano, M., Babu, M. M. & Sexton, P. M. Mechanisms of signalling and biased agonism in
G protein-coupled receptors. Nat. Rev. Mol. Cell. Biol. 19, 638-653 (2018).

51. Ehlert, E J. Analysis of biased agonism. Prog. Mol. Biol. Transl. Sci. 160, 63-104 (2018).

52. Kenakin, T. Biased receptor signaling in drug discovery. Pharmacol. Rev. 71, 267-315 (2019).

53. Wingler, L. M. et al. Angiotensin and biased analogs induce structurally distinct active conformations within a GPCR. Science
367, 888-892 (2020).

54. Gregory, K. ], Hall, N. E., Tobin, A. B., Sexton, P. M. & Christopoulos, A. Identification of orthosteric and allosteric site mutations
in M, muscarinic acetylcholine receptors that contribute to ligand-selective signaling bias. J. Biol. Chem. 285, 7459-7474 (2010).

55. Kenakin, T. Is the quest for signaling bias worth the effort?. Mol. Pharmacol. 93, 266-269 (2018).

56. Ehlert, F.J., Griffin, M. T. & Glidden, P. E. The interaction of the enantiomers of aceclidine with subtypes of the muscarinic receptor.
J. Pharmacol. Exp. Ther. 279, 1335-1344 (1996).

57. Griffin, M. T., Figueroa, K. W, Liller, S. & Ehlert, F. ]. Estimation of agonist activity at G protein-coupled receptors: analysis of M2
muscarinic receptor signaling through Gi/o, Gs, and G15. J. Pharmacol. Exp. Ther. 321, 1193-1207 (2007).

58. Ehlert, E J. & Stein, R. S. Estimation of the receptor-state affinity constants of ligands in functional studies using wild type and
constitutively active mutant receptors: Implications for estimation of agonist bias. J. Pharmacol. Toxicol. Methods 83, 94-106 (2017).

Acknowledgments

Part of this work was supported by a Grant from the National Institutes of Health National Institute of Allergy
and Infectious Diseases (1IR01AI101041, PI: P. Buchwald).

Author contributions
P.B. is the sole author; he developed the concept, performed the calculations and data fittings, and wrote the
manuscript.

Competing interests
The author declares no competing interests.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41598-020-70220-w.

SCIENTIFIC REPORTS |

(2020) 10:13386 | https://doi.org/10.1038/s41598-020-70220-w


https://doi.org/10.1186/1742-4682-8-20
https://doi.org/10.1038/s41598-020-70220-w

www.nature.com/scientificreports/

Correspondence and requests for materials should be addressed to P.B.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

SCIENTIFICREPORTS|  (2020)10:13386 | https://doi.org/10.1038/s41598-020-70220-w


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A single unified model for fitting simple to complex receptor response data
	Anchor 2
	Anchor 3
	Methods
	Model concepts. 
	Parametrization. 
	Hill-type extension (cooperative binding). 
	Consecutive simplifications. 
	Implementation and data fitting. 

	Results and discussion
	Response only data (Emax model with possible Hill-type extension). 
	Connecting response to independently measured occupancy data. 
	Responses assessed at different vantage points. 
	Biased agonism. 

	Conclusion
	References
	Acknowledgments


