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Abstract The need for accurate exposure—response modeling is critical in the drug
development process. Few methods are available for linking discrete endpoints,
especially ordered categorical variables, to mechanistic (e.g., indirect response)
models. Here we describe a latent-variable approach that is proposed in conjunction
with an inhibitory indirect response model to link the placebo/comedication effect
and drug exposure to the endpoints. The model is parsimonious, with desirable
characteristics at initial timepoints, and allows simultaneous modeling of multiple
endpoints that are categorically ordered. Application of the model is demonstrated
with data from a phase 3 clinical trial of golimumab, a human IgG1x monoclonal
antibody that binds with high affinity and specificity to tumor necrosis factor
(TNF)-a, in patients with rheumatoid arthritis. The efficacy endpoints were 20, 50,
and 70% improvement in the American College of Rheumatology criteria (ACR20,
ACRS50, and ACR70, respectively) as measures of improvement in disease severity.
The modeling results were shown to be consistent by using either a sequential or
simultaneous pharmacokinetic/pharmacodynamic modeling approach. The suit-
ability of likelihood profiling and proper use of bootstrap methods in assessing
parameter estimation precision are also presented. More accurate, parsimonious
models with appropriately quantified uncertainty can facilitate better drug devel-
opment decisions.
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Introduction

Exposure-response modeling facilitates optimal dosing selection, and its use is
increasing in drug development. A widely used type of exposure—response model is
that of indirect response models [1], which are usually physiologically plausible and
thus lend confidence to the resulting predictions. However, they are designed to
model continuous physiological endpoints, and their extension to discrete endpoints
is not immediately clear. Hutmacher et al. [2] used mixed effect logistic regression
to link indirect response model predictions to the binary endpoint of a 20%
improvement in the American College of Rheumatology criteria (ACR20) [3] in
patients with rheumatoid arthritis (RA). Recently, Lacroix et al. [4] provided a
Markov transition approach for an exposure-response model with ACR20 as the
pharmacodynamic variable. To our knowledge, these are the only approaches
proposed for exposure—response modeling using the ACR20 response.

Logistic regression, which uses the logit transformation to link the predictors to
the probability of the endpoint of interest, is the standard statistical tool to model
categorical endpoints. The typical model takes the following form, used by both
Hutmacher et al. [2] and Lacroix et al. [4]:

logit(prob[z =1]) = y + f,(t) + fa(t) + 1 (1)

where prob[z = 1] is the probability of the event of interest, y relates to the baseline
probability, f,(t) represents the time effect, f4(t) represents the drug or concentration
effect, and n represents inter-subject variability. It can be convenient to interpret the
sum of the terms y + f,(t) + # as representing the effect in the placebo group.

In the model proposed by Hutmacher et al. [2], prob[z = 1] is the probability of
achieving ACR20, f,(t) has an exponential form that increases with time, and f4(t) is
essentially the negative of the output of the indirect model. While the approach
described their data well, the model predicts a nonzero probability of achieving an
ACR20 response at t = 0, which may be viewed as theoretically undesirable. The
Markov transition approach [4] focused on modeling the individual time course of
the responder/nonresponder status. They also modeled the dropout probability, an
aspect not investigated here, and thus we will disregard it for the ease of discussion.
Their approach is equivalent to formulating prob[z = 1] as the probability of
achieving ACR20; however, at the subject level this is allowed to vary, depending
on whether the subject is a responder or nonresponder. This applies to all terms in
Eq. 1. There are therefore many more flexible components in their approach; for
example, in their final model, f,(t) took the E,,,,x model form for responders, but was
linear for nonresponders. The drug effect term fy(t) took the E.,,x model form for
both responders and nonresponders; however, the parameters were allowed to vary.

Here we propose an approach that can be more parsimonious than the one
described by Hutmacher et al. [2] and has the desirable property of predicting
prob[z = 1] = 0 when t = 0. We shall argue that it is more easily interpretable and
may be better extrapolated than the Markov approach. The approach is
demonstrated with data from a clinical phase III study of golimumab [5], a new
human immunoglobulin G1 kappa (IgG1x) monoclonal antibody that binds with
high affinity to TNF-o, was recently approved for the treatment of RA, psoriatic
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arthritis, and ankylosing spondylitis [6], and has demonstrated linear pharmacoki-
netics [7]. Results from the likelihood profile and the bootstrap methods of assessing
parameter estimation uncertainty are also compared with the NONMEM standard
error of parameter estimates.

Methods
Data and information used for exposure-response modeling

Model development was carried out using data from a phase III placebo-controlled
trial, GO-FORWARD, the design of which has been previously described [5]. It was a
parallel group study in patients with active RA despite prior use of methotrexate
(MTX) therapy. This analysis used data from a total of 302 patients who received
MTX and either golimumab 50 mg, golimumab 100 mg, or placebo every 4 weeks
through week 48. At week 16, patients who received placebo + MTX or golimumab
50 mg 4+ MTX and had less than 20% improvement in swollen and tender joints had
their dose adjusted to golimumab 50 mg + MTX or golimumab 100 mg + MTX,
respectively. No dose adjustment was performed for patients who were originally
assigned to receive golimumab 100 mg + MTX. At week 24, all patients in the
placebo 4+ MTX group crossed over to golimumab 50 mg + MTX. Atleast 10 serum
golimumab concentration measurements per patient were scheduled to be taken over
the course of the study.

Clinical response endpoint

Patients were assessed on whether ACR20, ACR50, or ACR70 responses were
achieved at weeks 4, 8, 12, 14, 16, 20, 24, 28, 32, 36, 40, 44, 48, and 52. There were
2,340 ACR response data points from 171 patients in the combined goli-
mumab + MTX group. The placebo + MTX group had 830 ACR response data
points from 131 patients; among these, 42 had their dose adjusted at week 16 (early
escape), and the ACR responses after week 20 were excluded for ease of graphing
and interpretation. Among the ACR responses available for modeling, there were
seven instances where all ACR20, ACR50, or ACR70 data were not collected and
these were removed from the dataset, resulting in a total of 3,163 response points.
The distribution of the time and response points in the treatment groups were as
follows. In the placebo + MTX group, the number of response points were 131,
130, 130, 128, 128, 88, 86, 4, 2, and 1 for weeks 4, 8, 12, 14, 16, 20, 24, 28, 32, and
36, respectively. The decrease in number of responses at weeks 20 and 24 and the
few present at weeks 28, 32, and 36 appeared to be due to clinical trial irregularities.
In the golimumab + MTX groups, for all weeks between 4 and 52, the number of
response points ranged between 84 and 86 in the golimumab 50 mg group and
75-85 in the golimumab 100 mg group.

A complexity arises, at least in theory, with modeling responses when treatment
can be determined thereby, thus in this situation making the dose or treatment
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random variables that covary with response. This issue is theoretically possible to
address but practically complex. It has been studied to some extent by Beal [8],
which was perhaps under-appreciated due to its complexity, and that no apparent
serious biases of ignoring this complexity were suggested. In this manuscript, the
convenient choice of treating all doses as given was used.

Pharmacokinetic model

A population pharmacokinetic (PK) model was developed using data from the
combined golimumab 4+ MTX group. Parameter estimation was implemented in the
software NONMEM (Version 6, level 1, ICON Development Solutions, Elliott City,
MD). Details of the PK study design and analysis are described elsewhere [9]. The
model described the data adequately, and the result was consistent with a previous
analysis using the confirmatory approach [10]. Empirical Bayesian parameter
estimates were then used in the sequential PK/pharmacodynamic (PD) modeling
approach using ACR response as discussed below. A detailed discussion on the
sequential and simultaneous PK/PD approaches may be found in Zhang et al. [11].

Latent variable model for ACR response

The proposed approach assumes the existence of a latent variable, referred to as
ACRL, that determines the disease condition, with smaller values indicating
symptom improvement. The anti-TNF-o mechanism of action of golimumab
suggests that the latent variable ACRL could follow a type I indirect response PK/
PD model [1].

The model is provided as follows:

d ACRL(t)
dt
where k;, is the formation rate of RA, and k, is the amelioration remission rate.

The combined placebo/MTX effect and the drug effect are assumed to contribute to
the inhibition effect, /H, as follows:

IH =1 — plb — drug, (3)

The contribution of placebo/MTX effect, p/b, was modeled empirically as
follows:

= Kin X TH — Kout X ACRL(1) (2)

plb = plbmax(1 - eXp(—kp]b X t)) (4)

where plb,,,x is the maximum placebo effect; t is the time after the first dose; and
Ko 1s the rate constant.

The contribution of drug effect to the inhibition of the formation rate, drug, was
modeled with the E,,,, function:

Enax X G

5
ECy, +Cp )

drug =
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where E, .. is the maximum drug effect; ECs, is the concentration causing 50% of
the maximum effect; and C, is the concentration. In practice, it may be difficult to
identify ECsy, when exposure is much higher than the ECsy. In this situation it is
helpful to consider the following reduced model, which could be viewed mathe-
matically as taking the limit of EC59 — 0:

| 0, placebo ,
drug = {Emax, active (5)

The usual physiological constraint requires that 0 < /H < 1 in Eqs. 1 and 2
above. This can be achieved by perhaps the most common approach to constraining
two positive variables that sum up to less than 1, by the reparameterization of
parameters p; and p; as p1/(1 + p; + p2) and po/(1 + p; + p2). We have proposed
elsewhere an approach of relaxing the constraint to only /H < 1 [9]. In practice,
data may not allow all parameters to be estimated; in which case it may be
reasonable to assume that full inhibition is achievable, i.e., plbyax + Emax = 1.

It was further assumed that ACRr, where r = 20, 50, or 70, is achieved whenever
r% improvement from baseline has been achieved, i.e.,

[ACRL (baseline) — ACRL]/ACRL(baseline) > r

The latent variable ACRL is only defined up to a proportional constant. Therefore
it was further assumed that ACRL(baseline) = 1. This leads to k;, = ko in Eq. 2.
Thus, ACRr, where r = 20, 50, or 70, is achieved whenever ACRL < 1 — 1/100.
Conceptually, simultaneous modeling of ACR20, ACR50, and ACR70 endpoints
leads to a more effective use of data and thus more accurate and precise results.

Exposure—response model

We propose that the probability of achieving ACRr, with r = 20, 50, or 70, can be
modeled as

logit(prob[ACRr = 1]) = logit(1 — r/100) + logit(1 — ACRL) + n  (6)

where logit(x) = log(x/(1 — x)) is the commonly used logit function. Mathemat-
ically, the term logit(1 — ACRL) may be viewed as the latent variable instead of
ACRL, if preferred. This model may be motivated as follows. If r is allowed to vary
on a continuous scale of 0-100 instead of 20, 50, or 70, the ease of achieving r% of
ACR improvement is controlled by two factors: easing the criterion (reducing r, or
equivalently, r/100) and reducing disease (ACRL). Since 100% improvement should
be unlikely to achieve and 0% likely, it is desirable that problACRr = 1] = 0 if
r = 100 and 1 if r = 0, which is achieved by the term logit(1 — r/100) in Eq. 6. The
term logit(1 — ACRL) served a similar purpose.

Compared with the common logistic regression approach as in Eq. 1, this model
has two advantages. First, at time 0, ACRL = 1 and therefore logit(1 —ACRL) =
—oo, making prob[ACRr = 1] = 0. This is desirable because at time 0, by
definition, the ACRr response should not be achieved. Secondly, this model does not
need to estimate any intercept parameters; the term logit(1 — r/100) plays the role of
intercept(s) in a natural sense and can be used simultaneously for ACR20, ACR50,
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and ACR70, making the model more parsimonious. This may be desirable because
categorical data are not as informative as continuous data and therefore may not
allow many parameters to be reliably estimated. The term logit(1 — 1/100) could
still be replaced by separate intercepts if needed.

Next, simultaneous modeling of ACR20, ACR50, and ACR70 responses was
conducted as follows. Four outcomes are possible, and the associated probabilities
are given below:

(1) achieving ACR70 : prob(ACR70 = 1) (7)

(2) achieving ACR50 but not ACR70 : prob(ACR50 = 1and ACR70 = 0)
= prob(ACR50 = 1) — prob(ACR70 = 1)

(3) achieving ACR20 but not ACR50 : prob(ACR20 = 1and ACR50 = 0)
= prob(ACR20 = 1) — prob(ACR50 = 1)

(4) not achieving ACR20 : prob(ACR20 <1) =1 — prob(ACR20 =1) (10)

All needed probabilities are given by Eq. 6.
Model implementation

The proposed models, i.e., Eq. 6 for ACR20, 50, or 70, or Egs. 7-10 for joint
modeling of ACR20, 50, and 70, were implemented in the same way as the standard
approach of Eq. 1. The sequential PK/PD modeling approach was the primary
method, during which the empirical Bayesian estimates for individual PK
parameters were first obtained using observed golimumab concentrations and then
fixed for the next step of estimating PD model parameters. The simultaneous PK/PD
modeling approach, estimating all population PK/PD model parameters simulta-
neously from all observed golimumab concentrations and ACR measurements, was
also used and results were compared with those from the sequential approach. All
parameter estimations were implemented in NONMEM, using the LAPLACE
method.

The likelihood profile method and bootstrap were used to provide additional
assessments of estimation precision. With the likelihood profile method, the
NONMEM objective function values (OFVs), which are approximately —2 times
loglikelihood, were plotted against fixed parameter values. For appropriate
interpretation of bootstrap results, it is important to choose stratification variables
corresponding to the study randomization, which in the current case is the treatment
group. Therefore the bootstrap samples were generated with the number of patients
in each treatment group fixed as those in the original data. In order to reach
reasonable precision, 2,000 runs were conducted. Boxplots of the distributions of
the boostrap estimates were generated. Visual predictive check (VPC) of the final
model was also conducted by simulating 500 replicates of the dataset and comparing
simulated and model-predicted ACR response frequencies over the treatment
period.
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Boostrap use

We have stated elsewhere [9] the view that, despite the claim of “model validation”
used at times, the ordinary use of the bootstrap method provides no benefit other
than an alternative assessment of estimation precision. In particular, comparing
mean or median bootstrap results to original model parameter estimates does not
provide a valid estimate of bias. A concise mathematical proof is given below. Let
D be the original dataset, and F(D) be an unbiased estimator of parameter 6. Then,
for the arbitrary value of B, the estimator G(D) = [F(D) + B] has bias B. Also
assume that N bootstrap datasets (D;, i = 1, ... N) are generated from D, and the
naive procedure, intended for assessing the estimation bias of the estimator G, of
comparing the mean bootstrap estimates and the original is denoted as Naive-
Boot(G). Then

NaiveBoot(G) = [X; G(D;)/N] — G(D) = X; [F(D;) + B]/N — [F(D) + B]
= (I; F(data;)/N — F(D) = NaiveBoot(F)

Thus, evaluated by NaiveBoot(), the performance of the estimator G is identical to
the unbiased estimator F. That is, NaiveBoot() has no ability to detect any bias, even
if the bias is arbitrarily large. A similar argument holds if the median is used instead
of the mean. This may explain why the practice of comparing the mean or the
median bootstrap estimates and the original has never, to our knowledge, been
reported in the literature to have found any evidence of bias.

Results

The sequential and simultaneous PK/PD modeling approach gave nearly identical
PD parameter estimates, which was closer than expected from our previous
experience. However, the simultaneous model estimation did not terminate
successfully. Details of the results from the sequential approach are presented
below.

For the PD modeling, the maximum placebo and drug effects could not
be separately identified, thus the assumption of maximum inhibition, i.e.,
Plbmax + Emax = 1, was made. In addition, ECs could not be reliably estimated;
the NONMEM standard error of the parameter estimate exceeded 100%, and the
corresponding likelihood profile (not shown) was nearly flat, with a NONMEM
OFV increase of less than 2 points and ranging from 0.1- to 4-fold of the point
estimate. This may be attributed to an apparent plateau response for the two
golimumab + MTX treatment groups in the study. Consequently, a reduced model
(Eq. 5') was used instead of the concentration—effect model (Eq. 5), and the
NONMEM OFV remained virtually unchanged. Model parameter estimates and
their corresponding NONMEM standard errors are given in Table 1. Average
observed ACR response frequencies and the predicted probabilities for the average
patient at planned observation times, grouped by treatment, are shown in Fig. 1. The
model appeared to adequately describe the average time trends of active treatments.
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Table 1 Parameter estimates of the population pharmacokinetic/pharmacodynamic model

Parameters  Definition Estimate  Standard error (CV%)
kour (I/day)  Amelioration remission rate 0.0139 0.00389 (28.0)
Enax Maximum drug effect 0.211 0.0558 (26.4)
kpip (1/day)  Rate constant to reach the plateau 0.00133  0.000216 (16.2)
Var (1) Variance of inter-subject variability on the logit scale 3.51 0.406 (11.6)

CV%, percent coefficient of variation
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Fig. 1 Mean ACR20, ACRS50, and ACR70 response frequencies at planned observation times versus the
model predicted probabilities for the average patient, by treatment group. ACR20/50/70, 20/50/70%
improvement in the American College of Rheumatology criteria

Estimation appeared reasonable, with most standard errors within the expected
range of this type of data. It might appear that ACR70 had a delayed response
relative to ACR20; however, as both endpoints measure the same mechanism, a
delay would not be mechanistically justifiable. If such a delay exists, it would more
likely be due to some type of inhomogeneity of the non-intercept terms in Eq. 6 in
influencing ACR70 and ACR20 as ordered categories. The first step to investigate
this would be to fit separate intercepts for ACR20, ACR50, and ACR70 in place of
the term logit(1 — r) in Eq. 6 as described below.

VPC results of the final model are shown in Fig. 2. The medians and 90%
prediction regions of the simulated ACR response frequencies at planned

@ Springer



J Pharmacokinet Pharmacodyn (2010) 37:309-321 317

observed © 90% P |. simulated
median simulated *
10 20 30 40 S0
1 1 1 1 L 1 1 I} 1 1 L 1 1 1 1
ACR70 ACR70 ACR70

1.0+ placebo 30 mg 100 mg I

0.8 1 y

06 A y 3

044 i, et A

neel] / R o e e IS
P P i PR §o” 32500 I
b ACRS0 ACRS0 ACRS0
e placebn 50 mg 100 mg
@ b 4 F1.0
R B
e o =4=4=F Zap-e=% >
o 7 02-2:?-6"$:2-9 =k ‘¢16’0'°‘2'+ | 04
Q a-® $f$+ $;°’°
< ’3“’¢’ \ &= b 0.2
3 Ja=d= Yot -0.0
= ACR20 ACR20 ACR20

10 Iz} S0.mg 100 mg

0.8 L0=0., L

06 - / ,oogi:gzﬁrwﬁ-*'*‘* s e

S - 97+ 5 /°:$+ 5
0.4 4 ey /$-$, o ‘i'-’+ -
LaEe »
0.2 1 $,,9' 3
001 : —F T . - T - T T T : : —
10 20 30 40 S50 10 20 30 40 350

time (weeks)

Fig. 2 Median model predictions at planned observation times and 90% prediction intervals (P.L), in
overlay with observed American College of Rheumatology (ACR) response frequencies. ACR20/50/70,
20/50/70% improvement in the American College of Rheumatology criteria

observation times are shown in overlay with the observed ACR response
frequencies. The observed frequencies generally fell within the prediction intervals,
although the model appeared to slightly underpredict ACR20 and overpredict
ACR70. This might suggest that the model may be improved by fitting separate
intercepts. To investigate the potential misfits suggested by Figs. 1 and 2 above, a
model fitting separate intercepts for ACR20, ACR50, and ACR70 in place of the
term logit(1 — r) in Eq. 6 was also investigated. Precision of intercept estimates
was poor, with a coefficient of variation greater than 50%. In addition, VPC results
were also poor (Fig. 3), with predicted time trends considered clinically unrealistic.
This indicated that the model was over-parameterized.

Comparison of Figs. 1 and 2 shows some discrepancies between the two types of
model predictions, i.e., the model predicted probabilities for the average patient and
the median of the VPC results. This, in essence, is due to the difference between
the median and mean of the probability distribution represented by the model; the
distribution is more skewed when the median, i.e., the predicted probability of the
average subject, is close to 0 or 1. Overall, the final model could be viewed as a
reasonable description of the data.

For ease of comparing different methods of estimating variability, all parameters
were displayed on a proportional scale by normalizing them to (i.e., dividing by) the
original model parameter estimate values given in Table 1. The likelihood profile
results are shown in Fig. 4. It appears that, with an approximate 90% confidence,
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Fig. 3 Over-parameterized model fitting three separate intercepts: mean ACR20, ACR50, and ACR70
response frequencies at planned observation times versus those of model predictions by treatment group.
ACR20/50/70, 20/50/70% improvement in the American College of Rheumatology criteria

K1 could be determined within 50%, and E,.x and ko, could be determined within
100%. The bootstrap results are given in Fig. 5. The edges of ki, are within 50%,
and the edges of E,,x and kg, are within 100%. Comparison of the PK NONMEM
parameter estimates (Table 1), the likelihood profile plots (Fig. 4), and the bootstrap
analysis (Fig. 5) shows that similar conclusions can be drawn from the three
methods of assessing parameter estimation uncertainty.

Discussion

A latent variable approach is proposed here along with an inhibitory indirect
response model to describe the time course of ACR responses. This approach has
some advantages over the existing models in patients with RA. Currently, the
standard method is the mixed effect logistic regression [2] given in Eq. 1. Because
at baseline (time = 0) both the placebo and drug effect are equal to 0, the fixed
intercept term j dictates a non-zero prob[z = 1] which is the probability of
achieving ACR20, which is not theoretically possible. In contrast, with our approach
given in Eq. 6, at time 0O the term logit(l — ACRL) = —o0, leading to
prob[ACRr = 1] = 0. In addition, modeling multiple endpoints (ACR20, ACRS50,
ACR70) simultaneously has advantages over modeling a single one (e.g., ACR20)
alone because more information is used. In this situation, adopting the approach of
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Fig. 5 Box-whisker plots of bootstrap estimates normalized by their original model estimates. Medians
are in the center, black boxes contain 50% data, and the outside bounds are 1.5 times the inter-quartile
ranges. Data beyond outside edges were interpreted as potential outliers

Eq. 1 would require multiple intercept terms to be used, one for each category. In
contrast, the term logit(1 — r/100) plays the role of intercepts but does not require
any parameters to be estimated. This can result in efficient estimation and may be
especially beneficial when information is sparse.
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A more recently proposed approach uses the Markov transition [4]. We shall
restrict the discussion to the situation when dropouts are few and thus the influence
may be neglected. In this case, the Markov approach essentially still uses the form
of Eq. 1 but allows all effect terms and parameters to change, depending on whether
the patient is currently a responder. By describing the individual time course as
transitions between the responder/nonresponder states, it has the appeal of
accounting for within-subject correlation of the observations. However, complex-
ities also arise. First, the model formulation implicitly assumes a time homogeneity
in that the time effect on the transition probabilities appeared only indirectly
through drug concentration terms. This may not be realistic as the model predicts
nonzero probabilities of transition to a different state even as the time interval length
approaches 0, in which case one would not expect any chance of change in the
responder status. This implies that Markov models may have difficulties extrap-
olating to situations with different dosing and observation schedules. Secondly,
because in principle the responder status is already related to the placebo and drug
exposure, formulating the model, i.e., placebo and drug effect terms, to be
conditional on the responder status may, at least in theory, create confounding
complexities in interpreting the model terms. Finally, splitting the model terms, e.g.,
placebo or drug effect, to depend on current responder/nonresponder status makes it
difficult to understand how each model term influences the overall response rate.
This may create interpretation difficulties of the model, in light of Simpson’s
paradox (see e.g., Freedman, et al. [12]) which shows that a trend present in
different groups can be reversed when the groups are combined. In contrast, the
mixed effect logistic regression approach used here predicts, at any time point,
directly the probability of a positive response of the average subject. Its relationship
with the frequency of positive response of the population, which is the clinical trial
endpoint, can be more easily discerned.

In the GO-FORWARD study, exposures in the active golimumab dose groups
appeared to have reached a plateau in the exposure—response curve, making the
relationship difficult to identify. Proper identification of exposure—response
modeling allows prediction of trial outcomes under alternative dosing regimens,
and the possibility should be explored. The proposed approach provides a means for
this exploration.

Mechanistically interpretable approaches have more advantages over empirical
approaches, such as cumulative AUC, as elegantly stated by Hutmacher et al. [2].
Our approach can be easily extended to model any other type of ordered categorical
endpoints and to any other type of PK/PD model such as the other indirect response
model types.

Finally, proper use of model evaluation methods, particularly bootstrap, can be
important for appropriate results interpretation.
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