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Abstract. Pharmacodynamics (PD) similarity is an important component to support the
claim of similarity between two drugs or devices. This article investigates the trial design and
statistical considerations in the equivalence test of PD endpoints. Using bone resorption
marker CTX as a case study, the relationship between the PD readouts and drug potency was
explored to evaluate the sensitivity of the PD endpoint and guide equivalence margin
selection. For PD data that have high baseline variability, one conventional similarity
assessment method was to apply baseline-normalization followed by the standard bioequiv-
alence (BE) test (Lancet Haematol. 4:e350-61, 2017, Ann Rheum Dis. 2017). This study
showcased the drawbacks of the conventional method for PD data that were close to
inhibition saturation, as the baseline-normalization significantly skewed the distribution of
the PD data toward non-log-normal. In such cases, the standard BE test can produce an
inflated type I error. Alternatively, ANCOVA, when applied to the un-normalized PD data
with the baseline as a covariate, produced a satisfactory type I error with sufficient power.
Therefore, ANCOVA was recommended for equivalence test of PD markers that has a
saturated inhibition profile and high variability at baseline. Moreover, the relationship
between PD readouts and drug potency was used to explore the sensitivity of the PD
endpoint and it could help justify the equivalence margins, since the standard 80% to 125%
BE margin often does not apply to PD. Finally, a decision tree was proposed to help guide
the design of the PD equivalence study in the choice of PD endpoints and statistical methods.

KEYWORDS: Analysis of covariance (ANCOVA); Equivalence; Baseline normalization;

Pharmacodynamics (PD); Statistical test; Trial simulation.

INTRODUCTION

Pharmacodynamic (PD) similarity is an important com-
ponent besides PK equivalence in the totality of evidence to
support the claim of similarity between two drugs or devices.
PD similarity can sometimes replace clinical efficacy compar-
ison to support the demonstration of no clinically meaningful
differences between a biosimilar and a reference product (3).
It can also be applied to demonstrate the similarity of
biologics which have undergone major post-approval
manufacturing changes (4). Another important application is
to support the claim of similarity when equivalence of PK
cannot be demonstrated due to practical issues such as
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extreme low systemic exposure following local delivery (dermal,
intravitreal, local gastrointestinal) or low bioavailability caused
by high first-pass effect or poor absorption (5,6).

One of the major challenges to assessing PD similarity is
that some PD endpoints are highly variable (typically greater
than 50% coefficient of variation [CV]) (7-9) and therefore
may require a large sample size. These PD endpoints are
often baseline-normalized to reduce the inter-subject vari-
ability and hence reduce the sample size required (1,2,10).
However, the baseline-normalization may skew the distribu-
tion of the PD data and render it non-log-normal. Since the
standard BE test using geometric mean ratio (hereinafter
referred to as “the standard BE test”) assumes that the data
follow a log-normal distribution (11), applying the standard
BE test on baseline-normalized PD data may potentially lead
to biased point estimates and may negatively impact the type
I error and power of the study.

Another challenge in PD similarity assessment is the
choice of proper margins for the equivalence test. The
standard 80% to 125% margins typically used for PK BE
assessment have been used to evaluate similarity on some PD
endpoints (12-14). However, the standard 80% to 125%
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margins may not be appropriate for many PD endpoints due
to their non-dose-proportional characteristics (3). Therefore,
the choice of PD margins needs proper justification. When
the correlation between PD and efficacy is well established,
the PD margin may be derived based on clinically relevant
efficacy margins, and this approach has been discussed
extensively in the author’s previous publications (3,15). When
the correlation between PD and efficacy is not well charac-
terized, the PD margin may be derived based on the
relationship between PD and other key quality attributes
such as drug potency (ICs).

In this paper, the response of bone resorption biomarker,
C-terminal telopeptide of type I collagen (CTX) after
denosumab treatment was used as a case example to address
the aforementioned challenges in demonstrating PD similar-
ity. In osteoporosis, the CTX is a well-established bone
resorption marker (16). Since denosumab inhibits receptor
activator of nuclear factor kappa-B ligand (RANKL), a
protein essential for the function of osteoclasts which are
responsible for bone resorption, the CTX level decreases
significantly after denosumab treatment (17,18). CTX is
selected as the model PD endpoint because it represents a
class of PD markers which follows a typical inhibition profile
with a rapid onset, prolonged and near-complete inhibition
followed by a slow recovery to baseline after drug washout.
CTX is representative of many PD markers that share similar
inhibition profiles, such as B cell depletion after rituximab
treatment (1,19) and reduction of BCR-ABL transcript after
imatinib treatment (20). In addition, the population PK/PD
models for CTX with denosumab treatment are well pub-
lished, making CTX a good candidate for the current
simulation-based research.

Using published PK/PD models (7,17,18), the CTX
profiles from a population treated by denosumab were
simulated, and the area under the effect curve (AUEC) and
the baseline-normalized AUEC (BN-AUEC) for CTX were
derived. The relationships between drug potency ICsy and
AUECs were explored. In addition, the distribution of BN-
AUEC was assessed and, unlike that of AUEC, was found to
be non-log-normal due to the presence of an upper bound
corresponding to maximal (100%) inhibition. This observa-
tion triggered an investigation to evaluate the performance of
the standard BE test regarding the type I error and power
using trial simulations and to compare the standard BE test to
other statistical methods such as bootstrap and ANCOVA to
find an appropriate equivalence test method for similar PD
endpoints. Finally, a decision tree was proposed to help guide
the design of the PD equivalence study in the choice of PD
endpoints and statistical methods based on the patient
population, dose regimen, PD variability, and saturation.

METHODS

Bone Cycling Model Implementation and PD Endpoint
Simulation

The bone resorption marker CTX model in response
to denosumab treatment was implemented according to
the published semi-mechanistic population PK/PD bone
cycling model of CTX after denosumab treatment
(7,17,21). The model was a closed form cyclical model
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with compartments representing sites of bone resorption,
formation, primary mineralization, and secondary mineral-
ization. Equations describing the time course of bone
turnover biomarkers were developed using the flow rate
of bone cycle units (BCU) between the compartments or
the amount of BCU in each compartment with the
incorporation of published bone turnover data. The
treatment effect of denosumab was also incorporated as
an inhibitory Emax model on the bone resorption rate
parameters with denosumab concentration as an input.
The model successfully described individual bone turnover
markers including CTX as well as bone mineral density
(BMD) results following treatment with denosumab in
postmenopausal women (17), which made it suitable for
clinical trial simulations of CTX data after denosumab
treatment.

The above model was implemented in NONMEM
(version 7.3; ICON development solutions, Ellicott City,
MD). Since the clinical dose of denosumab in osteoporosis
patients is 60 mg every 6 months (22), simulation of CTX
single-dose profile after denosumab treatment was performed
with a denosumab dose of 60 mg, and CTX readouts were
simulated for the following timepoints to mimic a clinical trial
sampling scheme: 0 week, then weekly from 0 to 16 weeks,
then biweekly from 16 to 54 weeks.

AUEC Calculation

Baseline was defined as the CTX level immediately before
the drug administration. Baseline-normalized CTX levels were
calculated by division with baseline. The area under the effect
curve from time 0 to t AUEC.) and BN-AUECq.;) for CTX
was calculated as the total area between the baseline and the
CTX readout from time 0 to t. The CTX response had a
pronounced rebound phenomenon after the denosumab
washout, which was observed in the patient population, and
was a characteristic incorporated in the model (17) (Fig. 1).
Consequently, the proper calculation of AUEC required that
the rebound, which introduced a partial negative area (area
where CTX level was above the baseline), be addressed
properly. For work described in this paper, AUEC ., and BN-
AUECq.(), with t equal to 3 months, 6 months, or 1 year, were
calculated as the positive area between the baseline and the
CTX readout. The negative area during the rebound was
excluded from the AUEC., calculation to avoid the total
AUEC being negative for some subjects. Another reason to
exclude the rebound is that the rebound is a response inherent
to the patients’ physiology and is not directly driven by the drug
effect, and therefore is less informative for PD similarity
assessment. More importantly, in a real-world situation, the
patients take repeated doses, and the rebound effect is not
present until the end of treatment.

The AUEC calculation was implemented by inserting a
PD readout of 0 at time teoss.pr (the time that CTX crossed
baseline) using the time and CTX level immediate before
(tbelowfbls CTXbelow-bl) and after (tabovefbl’ CTXabove-bl) Cross-
ing the baseline of CTX (CTX,,), assuming linear interpola-
tion according to Eq. 1. The AUEC ., was then calculated
using the trapezoidal rule in R 3.4 (CRAN package PK)
where t was equal to t.oss b OF the predefined t, whichever
was earlier.
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Fig. 1. Simulated CTX profile (left) and baseline-normalized CTX profile (right)
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The log-normal distribution assumptions of AUECs and
BN-AUECs were evaluated using histograms and Q-Q plots.

The AUEC versus potency relationship was illustrated
by simulating the CTX profiles using the above-described
method, assuming relative ICsq values at 0.1, 0.2, 0.4, 1, 2, 4,
and 10 times the ICsy of denosumab, with all other PK and
PD parameters identical to those of denosumab. The
population median AUEC o, of CTX (AUEC) or baseline-
normalized CTX (BN_AUEC) was then plotted against the
relative 1Cs.

Trial Simulations

Assuming that a presumable biosimilar is being com-
pared with the reference drug denosumab using CTX AUEC
as the PD equivalence endpoint, a set of equivalence margins
need to be selected. The equivalence margin defines a range
of values for which the efficacies are “close enough” to be
considered equivalent. In practical terms, the margin is the
maximum clinically acceptable difference that one is willing to
accept in return for the benefits of a new therapy (23). For the
standard BE test on the BN_AUEC(.¢m) data (see
“DISCUSSION” section for the reason of choosing
AUECg.6m)), an arbitrary symmetrical equivalence margin
was selected to detect a 10-fold or higher difference in ICs
(10-fold lower potency) based on the AUEC-potency rela-
tionship (see “RESULTS” section), as one may be concerned
with a biosimilar product that has low potency. According to
the choice of margin based on the potency, three patient
populations each composed of 50,000 subjects were simu-
lated. The reference population was simulated assuming a
single 60-mg dose of denosumab. The test population 1 was
simulated assuming a single 60-mg dose of a presumable
denosumab biosimilar that has an ICs, at 10-fold that of
denosumab and with all other PK/PD parameters being
identical to denosumab. Similarly, the test population 2 was
simulated assuming a single 60-mg dose of a presumable

denosumab biosimilar that has an ICsy at 1/10 that of
denosumab.

Consequently, the population median BN_AUEC o.¢m)
of test population 1 was set as the lower margin (0.96). The
upper equivalence margin was set to 1.04 (1/0.96) based on
the symmetry to the lower margin in the log-transformed
space, due to the requirement of symmetrical margins for a
standard BE test. To create a population with a median
BN_AUEC.6m) at the upper margin, the test population 2
was shifted in the log-transformed space then reversed back
to the original scale.

Trial simulations were set up to compare the presumable
biosimilar with the reference drug denosumab. The trial
sample size of 124 per arm was calculated using the two one-
sided test method for the standard BE test design (24)
assuming the above-mentioned margins (0.96, 1.04) for
BN_AUEC .6m), two-sided type I error (alpha) of 10%, test
to reference mean ratio of 1, reference CV of 10%, and 90%
power. In scenario 1, it was assumed that test population 1
was the test group and the reference population was the
reference group. The probability of falsely rejecting the null
hypothesis (type I error) when the test group was at the lower
margin was assessed. In scenario 2, it was assumed that test
population 2 was the test group and the reference population
was the reference group. The probability of falsely rejecting
the null hypothesis (type I error) when the test group was at
the upper margin was assessed. In scenario 3, it was assumed
that the test group and the reference group were identical to
the reference population. The probability of correctly
rejecting the null hypothesis (power) when the test group
was identical to the reference group was assessed.

The trial simulations and equivalence tests were imple-
mented in R (3.4).

Standard BE Test

For each trial of 124 subjects per arm, the standard BE
test, i.e., the two one-sided test, using 90% confidence interval
(CI) of test-to-reference geometric-mean-ratio was performed
on BN_AUEC.6m) data with the null hypothesis that the
population mean of log-transformed BN_AUEC.6m) was
different between test and reference. The type I error was
calculated for scenario 1 and scenario 2 as the percentage of
trials with 90% CI of geometric-mean-ratio falling within the
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margin (0.96, 1.04). Power was calculated for scenario 3 as the
percentage of trials with 90% CI of geometric-mean-ratio
falling within the margin.

Bootstrap

Bootstrap was performed on the same set of trial
simulation data as that used in the standard BE test. For
each trial of 124 subjects per arm, the 90% CI of the median
difference of log-transformed BN_AUEC ¢.¢m) Was calculated
using the quantiles of 5% and 95% from the bootstrap
method by sampling 5000 times with replacement to generate
a trial dataset with 124 subjects per arm from each simulated
trial. Then, it was determined whether the 90% CI of the
bootstrapped median ratio (the reverse log-transformed
median difference) fell within the margin (0.96, 1.04). The
method was evaluated on the same trial simulation data of
BN_AUEC g.6m) as described above for the standard BE test
and its performance was compared to the standard BE test.

ANCOVA

ANCOVA was performed on the same set of trial simulation
data as that used in the standard BE test. Correlation between
AUEC and baseline was evaluated by plotting log(AUEC o.6m))
versuslog(CTXy,). It was revealed that most of the variability of the
AUEC(g.6m) could be explained by the variability in the
baseline (see “RESULTS”). This observation suggested that
ANCOVA may be a good candidate for the equivalence test of
CTX_AUEC g.6m) With CTXj, incorporated as the covariate. This
approach may address the high variability problem without
baseline-normalization so that the log-normality holds true.
Assuming the same trial design as described above for the standard
BE test, 5000 trial simulations (124 subjects per arm) were
performed for scenarios 1, 2, and 3 and ANCOVA was applied to
the AUEC.¢m) data with CTX, as the covariate. For subject i, the
regression is outlined in Eq. 2 with treatment being 0 for the
reference and 1 for the test. The exp(p2) is the ratio of AUEC g 6m)
between the test and reference group. The margins for AUEC g.6m)
were 0.96 and 1.04, which was calculated in the same fashion as that
for BN_AUEC g.6m), by taking the median AUECg.¢m) of test
population 1 as the lower margin. The upper margin was calculated
symmetrically in the log-transformed space. The margins were
almostidentical between AUEC _6m)and BN_AUEC g ¢m), which
demonstrated that the AUEC and baseline-normalized AUEC
had similar relative changes with regard to potency (see
“RESULTS”). The 90% CI of exp(p2) was compared to the
margin of (0.96, 1.04) to determine whether the equivalence is met.
The type I error and power of the ANCOVA method were
compared to that of the standard BE test and the bootstrap method.

10g<CTXAUEC(0,6m)i) = B0+ Bl x log(CT X))

+ B2 x treatment; + €; (2)

Parameter Sensitivity Analysis

Three additional sets of trial simulations were conducted by
incorporating the parameter uncertainty in the PK and PD
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models as described in the publications (7,17,21) by randomly
generating each parameter based on a normal distribution with
the mean and standard error of the estimates. The standard BE
test and ANCOVA methods were tested in these three sets of
trial simulations using the same method as described above and
the results were compared with the primary analysis

RESULTS

CTX Profiles

Using published population PK/PD bone cycling model
which described individual bone turnover marker CTX
results following denosumab treatment in postmenopausal
women (7,17,18), the CTX profiles were simulated, and
representative profiles of randomly selected 80 subjects are
shown in Fig. 1. After denosumab treatment, CTX level
dropped rapidly, reaching maximal inhibition after 1 week.
The maximal inhibition was sustained for around 20 weeks
for most subjects, then slowly returned to baseline after
denosumab washout. For some subjects, a rebound was seen
when the CTX level went above baseline then slowly
regressed to baseline. This rebound effect was observed in
clinical subjects (17), and the model was able to capture this
characteristic.

Distribution of AUEC Data for CTX

Based on the simulated CTX data after a single dose of
denosumab, AUEC ¢.3m), AUEC(g.6m), and AUEC.1y, (AUEC
from time O to t, with t at 3 months, 6 months, or 1 year) and the
corresponding baseline-normalized AUEC data were calculated,
respectively. The distributions of AUEC and BN_AUEC were
explored using histograms and Q-Q plots. Histograms and Q-Q
plots of AUEC g ¢my and BN_AUEC o.6m) are shown in Figs. 2 and
4, respectively. Histograms comparing BN-AUEC at 3 months,
6 months, and 1 year are shown in Fig. 3. Although the distribution
of the CTX AUEC data was log-normal, the distributions of the
BN_AUEC . data with a relatively short t, e.g., BN_AUEC 3,
and BN_AUEC g.¢m), were non-log-normal. Their distributions
had a heavy left tail and an upper bound on the right, which was
due to the fact that the majority of subjects had CTX level close to
saturation or maximal inhibition between time 0 and t (t being
3 months or 6 months) (Fig. 2). In addition, the Q-Q plots showed
that log-transformation on BN_AUEC (.3m) and BN_AUEC ¢.6m)
did not bring the distribution close to normal, but instead further
skewed the distribution away from normal (Figs. 2 and 4). These
results suggest that the standard BE test, which is based on a log-
normal-distribution assumption, may introduce biased results when
applied to the baseline-normalized endpoints like BN_AUEC g3y
and BN_AUECy.¢m). Interestingly, the distribution of
BN_AUEC .1y, was close to log-normal (Fig. 3), which may be
because that the CTX level in most patients returned to baseline
between weeks 20 and 40 and the average inhibition of CTX from
time O to 1 year is far from saturation. As a consequence, the
distribution of AUEC .1y, was not significantly affected by the
upper bound and was close to log-normal. Therefore, the standard
BE test would be suitable for BN_AUECq.1y).

As expected, the baseline normalization significantly
reduced the variability of the AUEC data. The CV for
CTX_ AUEC(.6m) was 48% while that for CTX_BN_
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AUEC g.6m) was only 10%. Similar reductions were observed
for AUECs at 3 months. The CV for CTX_ AUECq.1y) was
55% while that for CTX_BN_ AUEC.1y) was only 26%.

AUEC Versus Potency

We further explored the AUEC and potency (ICsg)
relationship which is shown in Fig. 5. As the ICsj increased or
the potency decreased, the AUEC g.6m) decreased accordingly.
However, the magnitude of the decrease was low relative to the
decrease in potency. For a 10-fold increase in ICsy (10-fold
decrease in potency), the decrease in both AUEC o.6m) and
BN_AUEC.¢m) was about 4%. Moreover, for a 10-fold
decrease in ICs; (10-fold increase in potency), the increase in

both AUECg.¢m) and BN_AUEC o.6m) Was merely 1%. This
was because the clinical dose of 60 mg every 6 months was
already a saturating dose, and a further increase in potency
would not significantly increase the AUEC o.6m)-

Standard BE Test

If the PD equivalence of CTX is to be demonstrated
in patients with a dosing schedule of 60 mg per 6 months
per the US label, BN_AUEC .6y would most likely be
chosen as the PD endpoints as it assesses the average PD
response during the entirety of the first dosing cycle (see
“DISCUSSION™). Since the distribution of BN_AUECq.
6m) Was non-log-normal, clinical trial simulations were
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performed to evaluate the performance of the standard BE
test on BN_AUEC.6m) regarding the type I error and
power. To detect a 10-fold difference in potency relative to
the reference, the arbitrary lower margin was set at 0.96,
the relative BN_AUEC.¢m) value when the ICs is 10-fold
that of denosumab. The reason that the arbitrary symmet-
rical margins were benchmarked on the higher bound of
10-fold ICsy in this case study was that a lower potency (or
higher ICsy) would be a major concern for a presumable
biosimilar. The upper margin was set at 1.04 based on
symmetry in the log space since the standard BE test
requires symmetrical margins.
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Five thousand (5000) clinical trials were simulated for three
scenarios to evaluate the type I error and power of the standard
BE test (see “METHODS”). The performance metrics of the
standard BE test on BN_AUEC6m) are shown in Table L
Because the distribution of BN_AUEC ) Was non-log-
normal, the type I error was higher than the designed 10% in
both scenarios 1 and 2, with the test group on the lower or higher
margin, respectively. The bias of the point estimate was 0.323%
and —0.150% in scenarios 1 and 2, respectively. In addition, the
power of the standard BE test assessed in scenario 3 with the test
group being identical to the reference group was 83.8%, similar
to the designed 90% power.
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Table I. Comparison of Model Performance: Standard BE Test, Bootstrap, and ANCOVA

Parameter

Test population 1 (lower margin) versus Test population

Test population

reference 2 (upper margin) versus reference (identical to reference) vs reference
Standard  Bootstrap ANCOVA  Standard Bootstrap ANCOVA Standard BE Bootstrap ANCOVA
BE BE
Type I error 14.1% 5.18% 7.14% 12.3% 6.60% 1.94%
(design at 10%)
Power (design at 90%) 83.8% 38.2% 86.9%
CI width 3.60% 5.61% 3.84% 3.66% 5.57% 3.77% 3.58% 5.59% 3.73%
(relative to reference)
Bias of point 0.323%  —557e-3% 0.214% -0.150% —7.45e-3% 0.512% -0.021% 5.55¢-3% —7.57e-4%

estimate of difference
(relative to reference)

Bootstrap

The bootstrap method was evaluated with the same trial
simulation data used in the standard BE test, and the
performance metrics of the bootstrap method are shown in
Table I. The bootstrap method produced type I errors of 5.18
and 6.60% on the lower and upper margins, respectively, as
well as low power (38.2%). These results seem to be due to a
wider 90% CI produced with the bootstrap method at 5.6%
in comparison to the 90% CI of 3.6% for the standard BE
test. The wider CI may be due to the large variability from
sampling a small sample (124 subjects per arm) with
replacement. The bias of point estimate was minimal for the
bootstrap method on the robust median metric, which was
expected since bootstrap is a non-parametric method and
does not rely on any assumptions of underlying distributions.

ANCOVA

Due to the high correlation observed between AUEC(0-
6m) and baseline CTX levels (Fig. 6), the ANCOVA method
was applied to the un-normalized AUEC.¢m) data from the
same trial simulation dataset used for standard BE test, with
CTXy as a covariate. The performance metrics of the
ANCOVA method are shown in Table I. The ANCOVA
method produced type I errors well below 10% for scenarios
1 and 2. The bias of the point estimate was 0.214%, lower
than the 0.323% of standard BE test on the lower margin,
while on the upper margin, the bias was 0.512%. Although
the magnitude of the bias was large on the upper margin, it
was trending toward over-predicting the difference and
resulted in a very low type I error. Moreover, the power of
the ANCOVA method was at 86.9%, similar to the designed
90% power. The width of the 90% CI of the ANCOVA
method was around 3.8%, similar to that of the standard BE
method at around 3.6%.

Parameter Sensitivity Analysis

The standard BE test and ANCOVA methods were
compared again in the parameter sensitivity analysis, in which
the parameter uncertainty in the PK and PD models was
incorporated by randomly generating three sets of parameters

based on a normal distribution with the mean and standard
error of the estimates. The results of parameter sensitivity
analysis agreed closely with the primary analysis results
shown in Table I. This was expected as the parameter
uncertainty of the PK and PD model is low relatively to the
corresponding between-subject variability (7,17,21) and the
trial simulation results are highly consistent.

DISCUSSIONS

The sensitivity is always an important factor to consider
when selecting a clinical endpoint for the equivalence test. It
has long been realized that PD endpoints are often more
sensitive than clinical endpoints (3). As outlined in the FDA’s
clinical pharmacology guidance for biosimilar development,
the PK/PD study can potentially replace clinical efficacy
comparison for the demonstration of biosimilarity (25).
Although more sensitive than clinical efficacy, the clinical
PD endpoints may still have limited sensitivity in comparison
to in vitro potency assays, which usually can easily detect a
20-50% difference in potency (26). As shown in the CTX
example, a 10-fold increase in ICsq (10-fold lower potency)
only led to ~4% reduction in median AUECq.¢r). Health
authorities are aware of this issue, and the choice of PD
margins often requires justification from the sponsors on a
case by case basis. Hence, no uniform equivalence margins
are likely to exist for PD endpoints as in the case of PK. In
this paper, we had chosen an arbitrary margin for AUEC
endpoints which corresponded to a 10-fold difference in
potency to enable the statistical analysis. This 10-fold margin
chosen in this manuscript does not represent a recommenda-
tion from the authors and any choice of margins should have
its scientific rationale and need to be discussed with health
authorities. Besides potency, margin selection can also take
into consideration the correlation between PD endpoints and
clinical efficacy if the relationship is known (3,15). A carefully
selected margin may require a thorough understanding of the
interplay between the PD response and drug exposure, drug
potency, drug efficacy, etc.

AUEC is often the endpoint for PD markers as it reflects the
average effect over the entire treatment course between time 0 to t,
rather than an effect observed at a single time point. AUEC is
listed as one of the primary choices of PD endpoints in the FDA’s
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Fig. 6. High correlation between AUEC ¢y and baseline CTX levels

clinical pharmacology guidance on biosimilar development (25). If
the PD similarity of CTX between a proposed biosimilar and the
reference product is to be demonstrated in a patient study with a
dose of 60 mg every 6 months per the product label, AUEC g ¢,
or BN_AUEC g6y may be chosen as the PD endpoints for
equivalence test as it assesses the average PD response during the
entirety of the first dosing cycle. AUEC measurements at steady
state may not be the best PD endpoints to evaluate equivalence
due to the lack of a well-defined immediately preceding baseline,
although descriptive PD data at steady state may be assessed as
secondary PD endpoints. Empirically, descriptive analysis of
partial AUEC g, with t less than 6 months (e.g., AUECg.im)
and AUECy3m)) is often requested by the health authorities to
add to the totality of evidence for biosimilarity.

Healthy Volunteers

Single dose regimen
AUEC(0-t) as endpoint, where t
covers the entire PD profile

Standard BE test
on AUEC(0-t)

PD not saturated
and
BN-AUEC(0-t) log-
normal?

Healthy
Volunteers or
Patients?

Whether to choose healthy subjects or patients for PD
similarity assessment is mainly determined based on whether
the PD responses are similar between the two populations.
There are other considerations such as whether safety will be
incorporated in the study and these considerations have been
elaborated in previous publications (3,15). In cases where the
primary PD similarity can be established in healthy subjects, a
single-dose study design may be chosen. In that case, the most
appropriate PD endpoint for equivalence test may be
AUEC.1yy or BN_AUEC .1y, as it captures the entire
CTX profile from the onset of rapid inhibition to the
complete recovery to baseline. Furthermore, the distribution
of BN_AUECq.1y) is close to log-normal (Fig. 2) and has a
much lower variability of 26% CV in comparison to the 55%

Patients

Label dose regimen
AUEC(0-t) as endpoint, where tis
the end of first dosing cycle

Standard BE test
on AUEC(0-t)

AUEC(0-t)
highly variable?

PD not saturated
and
BN-AUEC(0-t) log-
normal?

“Yes

o

Standard BE test
on BN-AUEC(0-t)

Consider ANCOVA on AUEC(0-t)
with baseline as a covariate

Standard BE test
on BN-AUEC(0-t)

Fig. 7. Proposed decision tree for the choice of PD endpoint and equivalence test method
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CV for AUEC(y.1y). The BN_AUECy.1y) is, therefore,
suitable to be assessed using the standard BE test. In this
case, the standard BE test would be the preferred method
due to the regulatory preference for methods that are simple
and have few model-based assumptions.

In the case of a patient study, AUECs during the first
dosing interval are often the preferred PD endpoints, i.e.,
BN_AUEC(0_6m) or AUEC(0_6m). Although BN_AUEC(0_6m)
is significantly less variable with 10% CV in comparison to
the 48% CV for AUEC .¢m), the use of standard BE test on
BN_AUEC.¢m) may not be appropriate if the PD is close to
saturation and the distribution of PD data is non-log-normal,
which could lead to inflated type I error as shown in the case
of CTX. Alternative methods were explored in this study. The
Bootstrap method, being a non-parametric method, was able
to maintain a low type I error rate but suffered a problem of
low power due to a wider 90% CI. The ANCOVA method of
equivalence test on AUEC.6m) With CTXy, as a covariate
was shown to be the best method as the type I error was
maintained below 10% and the power was preserved at a
level close to 90%.

The better performance of ANCOVA in this case study
was not surprising, as it was conducted on the un-normalized
AUEC data, which followed a log-normal distribution. Thus,
the underlying distribution assumption was not violated.
Moreover, ANCOVA can help remove the impact of one or
more independent variables (covariates) from the dependent
variable before comparing the treatment effects. With the
incorporation of baseline as a covariate, which accounted for
most of the variability in the PD data and consequently
reduced the variability of the PD response due to drug
treatments, the ANCOVA method made it possible to
establish equivalence with a relatively small sample size.

The preference of ANCOVA over baseline normalization
has been discussed in a few publications. One paper published
by Vickers in 2001 performed evaluation of superiority test on
pain data simulated from a simple normal distribution (27).
Four analysis endpoints were compared: post-treatment
readout; absolute change between baseline and post-
treatment; change normalized by baseline and ANCOVA of
un-normalized post-treatment readout with the baseline as a
covariate. The author concluded that for superiority test of a
continuous outcome with both baseline and post-treatment
readouts, ANCOVA has the highest statistical power and the
change normalized by baseline has the lowest statistical power
and was highly sensitive to changes in variance (27). The type I
error was not evaluated in this publication. In another essay
published by Zhang et al. (6), it was demonstrated by
simulation that for superiority test, change normalized by
baseline had sometimes better and other times worse statistical
power in comparison to the absolute change between baseline
and post-treatment, depending on whether the simulation of
changes was done by assuming fixed absolute change or fixed
percentage change (28).

The above results from Zhang’s essay highlighted the
limitation of using randomly simulated data from a normal
distribution to evaluate statistical method performance since
the arbitrary simulation setup has a strong impact on the
statistical test results. The simulated data may be different
from clinical data with regard to distributions, and the
statistical test would perform differently with real clinical
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data in comparison to using randomly simulated data.
Moreover, Vickers’s publication did acknowledge that the
baseline normalization may make the data non-normally
distributed (27) but did not investigate in detail how the
baseline normalization may affect the distribution of the data
and how it may impact the bias of point estimate and
therefore the type I error. In our current paper, to ensure
that the data used for statistical method evaluation are
representative of real clinical data, we used the semi-
mechanistic population PK/PD bone cycling model of CTX
to simulation patient CTX data after denosumab treatment.
Since the model successfully described individual CTX
following treatment with denosumab in postmenopausal
women (17), the trial simulation data described in our current
paper were representative of clinical data, and thus provided
exceptional value in assessing the performance of different
statistical methods using close-to-real datasets. In addition,
most publications focused on superiority trials, and relatively
few publications evaluated statistical methods for equivalence
trials. In addition, the application of ANCOVA in
equivalence test has mostly been limited to PK (29,30) and
there were few reports on PD. This paper, therefore, provides
unique values by filling in these gaps.

CONCLUSIONS

In this paper, a case study was used to demonstrate how
an equivalence margin and an appropriate statistical method
can be chosen to determine the PD biosimilarity.

The PD versus potency relationship can be helpful in
selecting margins for PD equivalence test. PD marker such as
CTX, although much more sensitive than the clinical efficacy
endpoint such as bone mineral density (BMD) or frequency
of bone fractures, still has limited sensitivity in comparison to
in vitro potency assays. The traditional 0.80 to 1.25 PK
equivalence margin may not necessarily be applicable to
many PD endpoints, and sponsors would likely be requested
by the health authorities to justify their choice of PD
equivalence margins based on their knowledge of correlations
between the PD response and drug exposure, drug potency,
drug efficacy, etc.

The CTX case study in our current study showed that
baseline normalization, although significantly reduced inter-
subject variability, had a potential to alter the distribution of
the PD data and make it non-log-normal, and therefore not
suitable for the standard BE test. This phenomenon would
become prominent when the PD readouts were close to
saturation and therefore were limited by an upper bound. To
summarize our findings and to help guide the design of the
PD equivalence study, we propose a decision tree (Fig. 7) to
guide the choice of PD endpoints and statistical methods
based on the patient population, dose regimen, PD variability,
and saturation.

If the PD similarity assessment is to be conducted in
healthy subjects using a single-dose study design, it is
recommended to monitor PD for a sufficiently long period,
which covers the entire PD profile from onset to return to
baseline. If the monitoring time is long enough, the baseline-
normalized PD endpoint such as BN_AUEC.;y) may still
follow near-log-normal distribution since the distribution of
the PD readout is not significantly influenced by the upper
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bound of complete inhibition. Such baseline-normalized PD
endpoints are suitable to be evaluated using the standard BE
test.

If the PD similarity assessment is to be conducted in
patients with a multiple-dose regimen, then typically AUEC
endpoints during the first dosing cycle can be chosen. Since
the clinical doses of many therapeutics are saturating the PD
responses, baseline-normalized AUEC during the first dosing
cycle may no longer follow a log-normal distribution due to
an upper bound of complete inhibition. In such cases, our
work has shown that the standard BE test may not be the best
option due to a potentially inflated type I error. The bootstrap
method, being a non-parametric method, is able to maintain a
low type I error but suffered a problem of low power due to a
wider 90% CI. The reason for this wider interval may be due
to the small sample size to be used with replacement. The
ANCOVA method, on the other hand, produces a low type |
error with sufficient power and therefore can be recom-
mended as the most suitable method for equivalence test of
PD markers that has a saturable inhibition PD profile and
high variability at baseline.
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